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SUMMARY 
 
 

Empirical findings from behavioural decision research suggest that individuals employ 
a range of strategies to construct their preferences when faced with multi-attribute choice 
problems. However, it is not well understood what information decision makers use when 
making a multi-attribute choice, and if training decision makers can improve multi-attribute 
choice quality. In this thesis, I adopted a process-tracing approach to evaluate preference 
construction processes in terms of quality in two behavioural experiments. Both studies 
involved a set of hypothetical choice problems, and utilised normative standards based on 
attribute range sensitivity as benchmark to compare against observed decision processes. 
Choice heuristics displayed efficiency and performed at least as good as strategies based on 
Multi-attribute Value Theory (MAVT). This result was observed consistently, independent of 
the prescriptive intervention stage, across experiments. MAVT-based strategies failed to 
unleash their theoretical potential. The study findings suggest that level of strategy execution 
had higher impact on choice quality than the sophistication of the selected strategy. 
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INTRODUCTION 
 
 
 This doctoral thesis develops a rationale for the evaluation of choice quality in a riskless 
multi-attribute choice context. Afterwards, this concept is applied empirically in a series of 
behavioural experiments. 
 

Quality evaluation for multi-attribute choices matters for two main reasons. First, most 
important and consequential decisions in life can be expressed as a multi-attribute choice. 
Examples are what job offer to accept, or which house to buy. Despite the degree of importance 
that these choices inherit, they are often difficult to assess in terms of quality due to the second 
aspect. Preferences are subjective, which implies that unless there is a clearly ‘best’ choice 
alternative, it is very difficult to rate the ‘goodness’ of a selection. 

 
As I will demonstrate in the subsequent chapters of this work, this problem has been 

approached by methodologies such as Multi-attribute Value Theory (MAVT), which are based 
on normative decision-making. However, most of this literature focuses on consistency checks 
with the value model. This approach is capable to detect deviations from the ‘right’ choice but 
does not reveal information about the underlying causes. Therefore, I want to contribute to the 
literature by developing a process-related measure that is grounded on normative theory.  
 

Prior research has shown that unassisted people may use simplifying heuristics, rather 
than MAVT-based choice approaches, when confronted with a multi-attribute choice context. 
This selection of decision strategies may be due to cognitive limitations and subjective 
preferences. Thus, this thesis is not solely interested in what decision strategies are applied to 
the choice problem, but also how well they are executed. The aim is to evaluate choice quality. 
The rationale for this assessment is derived from literature about the range insensitivity bias. 
 

In conclusion, my research aims to derive a measure of ‘goodness’ that is applicable to 
multi-attribute choices despite their subjective nature. To do this, I will introduce a process-
related measure based on the concept of attribute range and value trade-off consideration. This 
concept, which serves as a prescriptive benchmark, will then be utilised to not only identify the 
decision strategies, but also to assess their level of execution. The identification of decision 
strategies will be undertaken by tracing the choice-processing behaviour of people. By 
comparing this behaviour relative to the concept of attribute range and value trade-off 
consideration, we can identify the most promising leverage points for decision aids. Also, we 
will utilise this concept to test the influence of a prescriptive video intervention on decision 
strategy selection and execution. 
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LITERATURE REVIEW 
 
 
 
 In Chapter 1 of the literature review, I briefly review how decision-making researchers 
have accounted for the subjectivity of preference over the years. For this, I focus on an 
introduction of classical Decision Theory, as well as Decision Analysis. 
 

In Chapter 2, I overview the wide array of multi-attribute decision-making research. In 
particular, I classify several streams of methods within the research field and conduct a 
comparison to identify Multi-attribute Value Theory as the most appropriate methodology for 
the objective of this thesis. 
 
 In Chapter 3, I introduce the normative, descriptive, and prescriptive distinction within 
decision-making to provide an overview of the varying viewpoints of decision analysts and 
psychologists. I review descriptive evidence against the assumptions of classical Decision 
Theory and assess the implication of this evidence for the thesis. 
 
 In Chapter 4, based on the comparison of methodologies in Chapter 2, I provide an in-
depth overview of Multi-attribute Value Theory. Specifically, I introduce its axioms and 
notation, before overviewing marginal value functions and criteria weighting. I compare 
different elicitation procedures with regards to human biases. In particular, I review the 
literature about the range insensitivity bias.  
 
 In Chapter 5, I discuss the notions of value, attribute importance, and optimality 
considering the descriptive evidence presented in Chapter 3. From this discussion, I conclude 
that for an appropriate assessment of ‘goodness’ in the realm of multi-attribute choices, 
measures should go beyond consistency checks with the value model. I review related studies 
to identify a lack of process-related choice quality measures. 
 

In Chapter 6, I provide an in-depth overview of psychologic research on decision-
making processes. First, I introduce properties of a set of decision strategies that have been 
studied to describe human decision-making behaviour. Also, I assess the extent that attribute 
importance is implemented in those decision strategies. Next, I overview and compare process-
tracing techniques, which utilise different methodologies to collect data while choices are being 
made. Based on this comparison, I identify mouse-tracking as the most appropriate data 
collection procedure for this thesis.
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1. Decision-Making as a Subjective Realm 
 

 
Human decision making is subjective (Bana e Costa & Pirlot, 1997, p.564). A recent 

demonstration of this has been offered by research that compared behaviour in risky choices 
between decisions from description with decisions from experience (Hertwig et al., 2004). In 
decisions from description, information about the outcomes of each option and their 
probabilities is provided. For decisions from experience, however, such information is 
unavailable, and people must rely on their own experiences for their selection, as is sometimes 
the case outside the laboratory. Decisions from description are the prevalent form examined in 
most studies about human behaviour in risky choice (Weber et al., 2004). Empirical 
investigation found evidence for a systematic description-experience gap (Hau et al., 2008), 
according to which people tend to overweight rare events in decisions from description but 
underweight them in decisions from experience (Hertwig et al., 2004). In summary, the above 
example presents one manifestation from one domain of decision making where the resulting 
choices in two mathematically equivalent situations may differ subject to how information is 
represented (Hau et al., 2008, p.516).  

It follows that, because decision making is often subjective, it is hardly possible to judge 
from the outside if an option chosen by a person in a multi-attribute (MA) choice context is 
objectively right or wrong. Your opinion may differ from the decision maker (DM), but the 
main criterion for judging the quality of choice is that it is in accordance with the DM’s 
preferences. Without taking the DM’s preferences into account one therefore has trouble to 
suggest the best alternative, unless there is a dominating option in the set of alternatives. If 
dominance structures are present, the objectively best course of action would be to exploit these 
and select the dominating option, or to eliminate dominated ones. Most realistic choice 
scenarios, however, involve multiple, often conflicting, attributes to consider (Keeney, 1982). 
From real life experience it is easy to comprehend that for such situation preferences often vary 
from one person to the other. Preferences sometimes even vary for the same person, for instance 
preferences may change over time or be constructed in general (Slovic, 1995; Lichtenstein & 
Slovic, 2006).  

 

1.1 Introduction to Decision Theory 
 

Here, I provide a brief account on the development of Decision Theory (French, 1995). 
The subjectivity in choice, and thus the difficulty of evaluating courses of action that is 
mentioned in the introductory paragraphs, is well known to decision researchers for a long time. 
It required introducing terms such as utility and value (depending on if there are risky or riskless 
events: von Winterfeldt & Edwards, 1986, p.211) that account for preference within their 
models. According to Barzilai (2010) these terms describe psychological, rather than physical 
properties and in fact it was an open question until the 1940’s if those were quantifiable. A 
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breakthrough in this context was research in Decision Theory that started from a normative 
angle with the work on Expected Utility Theory (von Neumann & Morgenstern, 1947), which 
argues that rational choice is to decide for the alternative that maximises expected utility. 
Expected utility stands for the value that a DM gains from an outcome. The DM is considered 
an ‘economic man’ (Edwards, 1954) who has complete information and infinite sensitivity, and 
foremost behaves rational.  

Several axioms were introduced which need to be followed for the behaviour to be 
rational (Fishburn, 1970). If those axioms hold, then a DM can calculate the expected utility for 
each available course of action by multiplying the probability distribution of an event occurring 
with his personal utility function. Since the DM is an ‘economic man’ and not constrained in 
this model, meaning he is aware of all possibilities and their probabilities as well as capable to 
process them, the maximisation of expected utility leads him to the best choice. However, there 
are numerous experiments that have shown that the axioms of Expected Utility Theory do not 
always hold (e.g. Allais paradox: Allais, 1953). So, researchers developed extensions and 
Decision Theory evolved to become increasingly descriptive of actual human decision 
behaviour.  

An important adjustment was the introduction of Subjective Utility Theory (Savage, 
1954). Here, probabilities are no longer objective, but depend on the subjective beliefs of the 
DM. This change is useful, as objective probabilities are often unavailable in real world choice 
situations. According to Peter Fishburn, the theories on expected and subjective utility serve a 
purpose despite the “abundant evidence that people’s casual or carefully considered decisions 
often violate the assumptions [of those theories]” (Fishburn, 1981, p.139). They form a 
normative approach to decision making, and in such are the basis of other techniques that will 
be reviewed next in the quest to better evaluate choice quality in riskless MA contexts. 

 

1.2 Introduction to Decision Analysis 
 

MA choices, which are the focus of this thesis, can be encountered frequently in 
everyday life. Often these decisions are complex, but also very important in the sense that they 
are impactful on the life of the DM, for instance when to decide for which car or flat to buy 
(Keeney & Raiffa, 1976). The stream of research that focuses on decision situations “that are 
too complex for informal use of common sense” (Keeney, 1982, p.806) is called Decision 
Analysis (DA: Corner & Kirkwood, 1991; Keefer et al., 2004; Smith & von Winterfeldt, 2004; 
McDaniels, 2019; Dyer & Smith, 2020). Complexity in this setting is multidimensional and 
consists of several contributing factors, such as multiple (conflicting) objectives, difficulty to 
identify suitable decision alternatives, intangibles, long time horizons, several impacted groups, 
risk or uncertainty, interdisciplinarity, multiple decision makers, value trade-offs, risk attitudes 
and the sequential nature of events (Keeney, 1982). Any MA choice situation should be 
explored as to which of these factors are relevant. In general, DA is built upon the previously 
mentioned theories on expected utility and thus, the attractiveness of courses of action must 
consider the likelihood of certain consequences occurring, and the preferences of the DM 
towards those consequences. In doing so DA follows a divide-and-conquer approach by 
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decomposing a complex problem into smaller parts that can be dealt with (Raiffa, 1968). 

DA methods consist of the following steps according to Keeney (1982): The first task 
is to structure the decision problem (Franco & Montibeller, 2011; Ackermann et al., 2014; 
Marttunen et al., 2017). To represent the dynamic nature of a decision problem, one may utilise 
a decision tree (von Winterfeldt & Edwards, 1986). Decision trees capture not only events that 
are correlated with the DM’s chosen option, but also external events that are not under control. 
Also, decision trees help to picture how outcomes at a later stage of the decision process are 
linked to earlier actions. Before a decision tree can be build, analysis should focus on defining 
a set of fundamental objectives for the DM and identifying decision alternatives. One 
reasonable approach for this task is to use value-focused thinking (Keeney, 1982). It argues 
that personal values form the ground for sound decision making. Alternatives are only a mean 
to reach DMs’ fundamental objectives, which themselves should be based on their values. 
Consequently, “alternatives should be created that best achieve the values specified” (Keeney, 
1996, p.545). It has been shown that people struggle to identify all objectives they consider 
relevant, even when the decision is consequential (Bond et al., 2008). There are several 
procedures on how to foster and utilise value-focused thinking, described in the cited papers by 
Ralph Keeney, which are however omitted because they are beyond the scope of this thesis.  

The second step of the DA process is to evaluate the impact of each identified 
alternative. Carlson et al (2008) refer to this as ‘consequences’. The evaluation should consider 
the potential magnitude of impact, and the probability that such a state occurs. Both may require 
expert judgments. The third step is to structure and quantify the values of the DM. Several 
sources of complexity may be touched upon at this stage: several decision makers, value trade-
offs, and risk attitudes. Relevant for this thesis is especially the concept of value trade-offs 
(Montibeller & Franco, 2007, p.268). The value trade-off concept becomes necessary once a 
decision problem involves conflicting objectives. In such a situation it is unfeasible to maximise 
on each objective simultaneously. Consequently, the conflict that arises needs to be resolved 
explicitly or implicitly using value trade-offs. A trade-off is useful when it aims at the very 
substance of the problem. For this, it is essential to understand the relevant decision context 
(Keeney, 2002). Also, the elicitation process should avoid associated biases during the 
assessment (Montibeller & von Winterfeldt, 2015). This issue will be covered in Chapter 4.  

Assuming all the previous steps have been successfully executed, the evaluation of 
decision alternatives in terms of their desirability becomes possible. However, a good DA 
procedure will not stop here. Changes in model parameters may impact its recommendation 
(Bana e Costa, 2001, p.124). Researchers take account of this danger through sensitivity 
analysis. The idea is to evaluate the robustness of the achieved results for small changes of 
input data (Rios Insua & French, 1991). The source of such changes may be uncertainties 
related to environmental factors that cannot be controlled, or input about information that can 
only be estimated for a range of values. The results of sensitivity analysis should be 
incorporated into the recommendations for the DM. 
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2. Overview of Multi-criteria Decision Making  
 
 

So far, I acknowledged that research on normative decision-making theories identified 
and studied several sources of complexity over time. Arguably the most frequently encountered 
issue in real life decision making is the existence of multiple objectives. Multi-criteria Decision 
Analysis (MCDA) or Multi-criteria Decision Making (MCDM) are notions for the field of 
research, which focuses on these decisions. Notable early work on Multi-attribute Utility 
Theory (MAUT) is covered in the book by Keeney and Raiffa (1976). Broader overviews of 
MCDA and its history can be found in the literature as well (e.g. Köksalan et al., 2013). The 
field is so vast in terms of methods that there is a substantial number of reviews available (e.g. 
Dyer et al., 1992; Stewart, 1992; Wallenius et al., 2008; Velasquez & Hester, 2013; Zavadskas 
et al., 2014; Greco et al., 2016). Furthermore, techniques are applied in a variety of decision 
contexts. It is common to review the academic literature with regards to particular fields, such 
as logistics (supplier selection: Ho et al., 2010), environment (Huang et al., 2011; water 
resource management: Hajkowicz & Collins, 2007; forest management: Ananda & Herath, 
2009), finance (Zopounidis & Doumpos, 2002; Spronk et al., 2016), economics (Zavadskas & 
Turskis, 2011), agriculture (Hayashi, 2000), energy (Pohekar & Ramachandran, 2004; Wang et 
al., 2009), healthcare (Phillips, 2017), infrastructure (Kabir et al., 2014; cultural heritage: 
Ferretti et al., 2014; Zheng & Lienert, 2018), strategic decision making (Montibeller & Franco, 
2010; Montibeller & Franco, 2011; scenario planning: Montibeller et al., 2006; causal maps: 
Montibeller & Belton, 2006; facilitated modelling: Phillips & Phillips, 1993; Franco & 
Montibeller, 2010), decision support technology (Korhonen et al., 1992; Shim et al., 2002), and 
decision support software (Weistroffer et al., 2005; COPE & VISA: Belton et al., 1997; 
MACBETH: Bana e Costa & Chagas, 2004; GMAA: Jimenez et al., 2006). 

 

2.1 Categorisation of MCDA techniques 
 

MCDA techniques can be categorised in several ways. As Wallenius et al (2008) argue, 
one possibility is to distinguish between methods according to the type of decision alternatives 
they deal with. Discrete alternatives occur in classical MA choice contexts, such as choosing a 
car from a set of vehicles. Korhonen et al (1992) present behaviour within a macroeconomic 
model as an example for the case of continuous alternatives, when behaviour is governed by 
equations and thus the problem becomes one of optimisation. Also, characteristics of MCDM 
methods may be adduced for categorisation, such as if they are deterministic, stochastic, or 
fuzzy (Pohekar & Ramachandran, 2004). Fuzziness according to Bellman & Zadeh (1970) refers 
to an imprecision, in terms of vagueness, which originates from the fact that classes within the 
model, so-called fuzzy sets, do not possess sharply defined boundaries. Thus, the transition 
from one class to the other happens gradually, rather than abrupt (fuzzy set theory: 
Zimmermann, 2010; fuzzy MCDM methods: Aruldoss et al., 2013).  Lastly, another popular 
approach for classification is to group MCDM methods according to their school of thought. A 
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conventional way is to distinguish Outranking and Multi-attribute Value/Utility Theory 
procedures (Greco et al., 2016).   

 

2.2 Approaches based on Value 
 
  Approaches based on Multi-attribute Value/Utility Theory (MAVT/MAUT) are 
sometimes referred to as American school (Wallenius et al., 2008). MAVT is a theory of 
rational choice for riskless, discrete decision contexts, which is closely related to Decision 
Theory. Preferences of the DM are modelled with the help of value functions and attribute 
weights, which are created based on information elicited from the DM. In the end, an overall 
score for each decision alternative is calculated that represents each option’s desirability. This 
approach is compensatory, which means that a bad performance of an alternative on one 
criterion can be made up for by a great performance on other criteria. One of the merits of this 
theory is its axiomatic foundation. All axioms, which I will further review in Chapter 4, can be 
assessed with regards to “whether or not they are reasonable guides to rational behavior” (Dyer, 
2016, p.286). Therefore, MAVT is suitable to provide normative benchmarks for high-profile 
decision making. In such decisions, it is often necessary to provide valid justifications for any 
course of action to counter potential regret (Loomes & Sugden, 1982). The implication is that 
“people who do not provide a satisfactory justification for their actions will suffer negative 
consequences ranging from disdainful looks to loss of one’s livelihood, liberty, or even life“ 
(Lerner & Tetlock, 1999, p.255). Being coherent with axioms of reasonable choice behaviour 
offers a great justification. Hazelrigg (2003, p.117) states explicitly that “to assure that a method 
leads to the best recommendation of an alternative, one can validate the method mathematically, 
using the mathematics of decision theory and game theory. There is no other acceptable 
validation”. However, some academics debate if incoherence is necessarily bad (Arkes et al., 
2016). One argument is that internal consistency need not result in external effectiveness 
(Katsikopoulos, 2009; Katsikopoulos, 2012). Further, real humans often act in different ways 
to what rational theory prescribes. Evidence for this will be presented in Chapter 3. The 
influence of this evidence on the question of how to evaluate choice quality in the subjective 
realm of MCDM will be discussed in depth in Chapter 5. 

Another popular MCDA approach in this class that has been applied to a wide array of 
fields (Vaidya & Kumar, 2006) is the Analytic Hierarchy Process (AHP), which was developed 
by Thomas L. Saaty in the 1970’s (Saaty, 1980; Saaty, 1986). In the spirit of DA, the procedure 
starts with decomposing the problem into a set of objectives, actors, and outcomes. Next, this 
information is structured in the form of a hierarchy, which consists of several levels depicting 
the goal, criteria, sub-criteria, and alternatives. According to Zahedi (1986), the amount of 
levels appropriate for this hierarchy depends on the problem’s complexity. The distinct feature 
of AHP, in comparison to MAVT, is that within the hierarchy each element is evaluated by 
means of pairwise comparisons of relative importance with respect to the overall objective 
(Saaty, 1986). After the pairwise comparisons follow procedures to derive weights (e.g. 
eigenvalue method: Bana e Costa & Vansnick, 2008). At the end of the process the result is an 
overall score for each alternative.  
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Despite its popularity among practitioners, AHP faces criticism by some decision 
researchers. A famous debate about AHP was evoked in the top journal ‘Management Science’ 
when several articles addressed the lack of a normative foundation (see Smith & von 
Winterfeldt, 2004). Even though it was eventually provided (Saaty, 1986), the axioms were 
contested. For instance, Dyer (1990, p.251) states that the axioms “fail to be motivated by 
testable descriptions of behaviour”, in contrast to the axioms of Expected Utility Theory, which 
provide “clear and obvious meaning as a description of choice behaviour (ibid., p.251)”. 
According to Smith & von Winterfeldt (2004), it is unclear to what extent AHP is intended to 
describe actual decision behaviour and they express doubt about its predictive power.  

Dyer (1990) considers two further shortcomings: Firstly, elicitation questions in AHP 
are ambiguous because they are subjective estimates of strength of preference. In contrast, 
Harker & Vargas (1987, p.1388) claim “ambiguity is a phenomenon of all preference eliciting 
methods” and thus could be mitigated by a thoughtful decision analyst. Dyer (1990, p.249), 
however, emphasises that in Utility Theory, elicitation questions refer to choices between 
alternatives and not to a “subjective response on a ratio scale”. See the following exemplary 
AHP elicitation question as given in Salo & Hämäläinen (1997, p.311): “Which of the car 
manufacturers, Mercedes or Honda, is better with respect to quality, and by how much?” From 
a MAVT standpoint, this question cannot be answered appropriately (Belton & Gear, 1997; 
Morton & Fasolo, 2009). Dyer (1990) points out that one must relate the comparison to some 
specific context.  

Secondly, Dyer (ibid.) argues that the ranking provided by AHP is arbitrary. This is 
called the rank reversal phenomenon (Belton & Gear, 1983). The ranking may be changed by 
adding an alternative that is the copy of one of the initial alternatives. It is unacceptable that 
adding an option, which contains no new information, can alter the ranking of alternatives (Salo 
& Hämäläinen, 1997). In conclusion, while being popular and easy-to-use, the methodological 
appeal of the AHP procedure is debatable. Opinions about AHP among researchers vary greatly, 
even to the point of AHP being regarded as “fundamentally unsound” (Smith & von 
Winterfeldt, 2004, p.568). 

  

2.3 Approaches based on Outranking  
 

Approaches based on partial ordering of options, so-called Outranking methods, are 
sometimes referred to as French (Wallenius et al., 2008), or European school (Roy & 
Vanderpooten, 1996). According to a review on MCDA literature (Velasquez & Hester, 2013), 
articles on outranking methods initially dominated until utility procedures like MAUT and AHP 
overtook them in popularity. The two most popular approaches from the French school are the 
ELECTRE and PROMETHEE family of methods. Outranking methods are not based on the 
aggregation of underlying value functions (Belton & Stewart, 2002). Thus, they do not result 
in an overall value for each alternative (Dias & Mousseau, 2018). Instead, the analysis focuses 
on the construction of outranking relations (Roy, 1990), and then on their exploitation to 
support the DM (Brans & Vincke, 1985). Belton & Stewart (2002) credit Bernard Roy for his 
initial and much subsequent research on this class of procedures (especially ELECTRE: e.g. 
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Roy, 1968). According to them, Roy was not convinced by value function approaches because 
they require alternatives to be comparable. This is not the case for outranking methods (Dias & 
Mousseau, 2018). In comparison, outranking methods provide weaker models than approaches 
based on value/utility functions, but they are created with less effort and hypotheses (ibid.). The 
two families of methods will each be discussed below. 

ELECTRE (ELimination Et Choix Traduisant la REalité) stands for ‘elimination and 
choice expressing the reality’. Its outranking relations represent the DM’s preferences among 
pairs of decision options (Figueira et al., 2013; Dias & Mousseau, 2018; for a review: Govindan 
& Jepsen, 2016). For this reason, the method is usually applied for discrete choice scenarios 
(Belton & Stewart, 2002). Contrary to MAUT, ELECTRE does not assume or require an 
underlying preference order by the DM and thus fits to the constructive view on preferences 
(Slovic, 1995). Figueira et al (2013) emphasise the focus on the interaction with the DM’s value 
system, and within this process ambiguity is no rarity.  

ELECTRE methods use the concepts of concordance and discordance to validate 
outranking relations (Dias & Mousseau, 2018). For an outranking relation stating that ‘option 
A is preferred to option B’, concordance describes the strength of reasons for the relation, while 
discordance does so in disfavour of the relation (Figueira et al., 2013). Dias & Mousseau (2018) 
refer to this as the level of majority among the criteria pro or contra the relation statement. Each 
criterion has voting power that is expressed as a weight when the level of majority is calculated. 
However, this weight does not represent value trade-offs as in utility theory (Belton & Stewart, 
2002). ELECTRE utilises preference and veto thresholds, which may be used to oppose an 
outranking relation (Dias & Mousseau, 2018). At the end of this process, the outranking relation 
is either validated or not. Subsequently, the analyst exploits the outranking relation to assist the 
DM (Belton & Stewart, 2002). There exist several ELECTRE methods, which are proposed for 
specific decision problems such as choice or ranking (Dias & Mousseau, 2018).  

An interesting characteristic and source of critique on all ELECTRE models is that they 
do not have to be conclusive. Practitioners of this technique argue that this warrants realism by 
avoiding overly enthusiastic results from elicited data (ibid.). Another argument against 
ELECTRE is concern about ranking irregularities (Wang & Triantaphyllou, 2008), which 
occurred, for example, when a non-dominated option was replaced by a worse alternative. This 
is similar to the rank reversal phenomenon in AHP. Also, if it is imposed for preferences to be 
transitive, like MAVT usually does, then ELECTRE, and outranking methods in general, do 
not satisfy that characteristic (Figueira et al., 2013). Finally, the structure of ELECTRE 
prohibits easily identifying benefits and drawbacks of alternatives and presenting them in 
simple terms (Velasquez & Hester, 2013). Many of its essential elements have only technical 
character, rather than “real economic meaning” (Brans & Vincke, 1985, p.648). This limits the 
potential gain from sensitivity analysis (Belton & Stewart, 2002). For more details on 
advantages and disadvantages you may consult the corresponding section in Figueira’s paper 
(2013). An effort to mitigate some of the presented issues is given by Rolland (2013). 

The second class of families is called PROMETHEE, which stands for ‘Preference 
Ranking Organization METHod for Enrichment Evaluations’ (Behzadian et al., 2010). 
According to its developer Jean-Pierre Brans, PROMETHEE, which he proposed with 
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colleagues from Brussels in several top journals during the 1980’s (Brans & Vincke, 1985; 
Brans et al., 1986), is an attempt to reduce some disadvantages of ELECTRE. The focus is to 
eradicate the drawback of ELECTRE that stems from its inherent difficulty to interpret results. 
PROMETHEE is supposed to be a procedure that captivates due to its simplicity (Brans & 
Vincke, 1985). Within its family of methods, PROMETHEE I provides a partial, and 
PROMETHEE II a complete ranking for a finite set of alternatives (Brans et al., 1986). 
Additionally, there are several other family members as well (Behzadian et al., 2010).  

Value-based 
Approaches Disadvantages Advantages 

MAUT 
- Requirements for preference 

structure of DM 
- Demands much preference input 
- Rather complex 

- Axiomatic foundation 
- Able to deal with 

uncertainty 
- Trade-offs 

AHP - Criticism on axioms 
- Ambiguous preference elicitation 
- Rank reversals 

- Easy to use 
- Applicable in various 

contexts 
- Less complex than 

MAUT 

Outranking 
Methods 

Disadvantages Advantages 

ELECTRE 

- Difficult interpretation and 
sensitivity analysis 

- Not necessarily conclusive 
- Rank reversals 
- Intransitivity 

 

- Able to deal with vague 
and uncertain input 

- ‘Realism’ 

PROMETHEE - Ambiguous criteria weighting 
- Rank reversals 
- Intransitivity 

- Simplicity 
- ‘Realism’ 

1- Table 2.3.1: Overview of popular MCDA methods 

The PROMETHEE procedure starts from the performance matrix. Information is 
required about the relative weight of each criterion and about the preference function of the DM 
regarding each attribute (Macharis et al., 2004). The latter is based on pairwise comparisons to 
identify the differences in performance between two options on an attribute (Brans & 
Mareschal, 2005). Even though the elicitation of weights is a crucial part of the technique 
(Behzadian et al., 2010), PROMETHEE does not provide guidance for it. It assumes that people 
express criteria weights precisely (Macharis et al., 2004). The next task is to calculate a global 
preference index and so-called outranking flows (Brans & Mareschal, 2005). If a partial ranking 
is sufficient, it computes only the positive and negative outranking flows. For a given set of 
alternatives, the bigger the positive flow for an option, the more it outranks all other options. 
Negative flow indicates how much an option is dominated (Brans & Vincke, 1985). A complete 
ranking requires calculating the net outranking flow (ibid.). However, this step from partial to 
complete ranking leads to a loss of information and realism “because of the balancing effects 
between outgoing and incoming flows” (ibid., p.654). Belton & Stewart comment on this aspect 
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by pointing out that “if this complete preorder were to be the goal of the analysis, then all the 
advantages claimed over value function methods are sacrificed” (2002, p.255). 

Additional criticism on PROMETHEE methods revolves around ambiguous criteria 
weighting and rank reversals. Experiments indicate that, like in AHP and ELECTRE, the 
rankings obtained with PROMETHEE methods may suffer from an inexplicable reversal of 
order (De Keyser & Peeters, 1996; Verly & De Smet, 2013). Criticism about the PROMETHEE 
weighting procedure is based on the underlying assumption that people can express weights 
without the need to follow elicitation procedures (Macharis et al., 2004). From the viewpoint 
of MAVT, this notion appears ill-advised, as there is a great body of research specifically 
focusing on elicitation procedures. That literature emphasises the necessity to be cautious and 
precise during weight elicitation (Riabacke, 2012). I will address this point in Chapter 4. 

 

2.4 Summary and other MCDA Methods 
 

I summarised my critical overview of MCDA methods in Table 2.3.1. My categorisation 
is by no means exhaustive. There are more methods in the literature, and different classes are 
not necessarily mutually exclusive (Wallenius et al., 2008). Some researchers group goal, 
aspiration and reference level methods, such as Goal Programming, TOPSIS, and Data 
Envelopment Analysis as well (e.g. Loken, 2007; Ishizaka & Nemery, 2013; Marttunen et al., 
2017). The focus here was first, to overview popular MCDA approaches, and secondly, to factor 
in which methods appear most appropriate for the MA choice context of this thesis. I introduced 
these main methods above. Based on that review, I identify MAVT as most suitable theory for 
my objectives. I stress that the choice of MAVT as specific theory of preference fits with the 
suggestions of Weber & Borcherding (1993). Moreover, my overall debate of criticisms and 
advantages of MCDA methods mostly agrees with related efforts in the literature (e.g. 
Schuwirth et al., 2012; Cinelli et al., 2014). Later, I will provide an in-depth presentation of 
MAVT, but I want to address some general criticisms before with regards to its rationality 
assumptions. For this reason, a brief introduction of normative, descriptive, and prescriptive 
decision making is presented in Chapter 3. 
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3.  Normative, Descriptive, and Prescriptive Decision Making 
 

MAUT/MAVT is the MCDA method most closely related to classic Decision Theory, 
which assumes DMs to behave rationally. This is reflected in MAVT’s axioms (Chapter 4). 
Theories of decision making, which consider how behaviour should be like are coined 
normative theories. According to Keeney (1992), these theories are primarily concerned about 
correctness. The issue with the rationality assumption is, as Ward Edwards (1954, p.382) states, 
that “it is easy for a psychologist to point out that an economic man is very unlike a real man”. 
In a similar vein, the noble laureate Herbert Simon argues that an unassisted human need not 
necessarily aim for optimisation, but that it may instead be enough to achieve a goal with a 
certain level of satisfaction. This famous argument rests on the notion of ‘bounded rationality’, 
which is the insight that because of cognitive limitations humans cannot behave perfectly 
rational (substantive rationality: Simon, 1955; Simon, 1986).  

The underlying question of this reasoning is what purpose rational theories of choice 
fulfil if they are unable to predict actual decision behaviour. Theories that aim to be empirically 
valid representations of actual behaviour are called descriptive decision theories. Bell et al 
(1988) discuss the plausibility of those two standpoints. According to them, the mathematician 
is interested in normative theory, as he searches for ways to translate the subjectivity that is 
inherent in the preference structure of human DMs into a set of equations that corresponds to 
streams of sensible behaviour. On the other hand, the psychologist is interested in the 
influencing factors and processes of human decision-making behaviour, and as such he is keen 
to scrutinize the compatibility with rational decision models. Both approaches are valid and do 
not exist to oppose each other, but rather to connect the psychological with the rational 
(Gigerenzer & Selten, 2002).  

Within this frame the normative approach can be regarded “as guide to intelligent 
action” (March, 1978, p.588). The decision analyst often undertakes this guidance. Intervention 
efforts and related decision aids embody the third pillar of decision making, the prescriptive 
decision making (Brown, 1989; Fischer 1989; Brown & Vari, 1992; French, 1995; Smith & 
von Winterfeldt, 2004; Brown, 2006; Riabacke et al., 2012; McDaniels, 2019; Dyer & Smith, 
2020). If the difference between normative and descriptive decision making is not bridged, the 
whole DA may be considered as flawed (French, 1995). According to Gregory Fischer (1989), 
failure to do so implies that the issue lies with the human interference, not the general tools 
provided by the procedure. Thus, the focus of prescriptive intervention is on usefulness and 
application (Keeney, 1992; Brown, 2006). For this to be achieved, prescriptive methods should 
utilise structure and systematic procedure (based on normative models such as MAVT/MAUT) 
but be wary of descriptive behaviour at the same time (Smith & von Winterfeldt, 2004, p.562; 
e.g. limitations on information-processing ability; Simon, 1955).  

In more recent work, Robert Clemen (2008, p.3) argues that the connection between 
Behavioural Decision Research (BDR) and normative approaches like DA “appears to have 
diminished over time”. This is even though reconciling them would lead to benefits in two 



 25 

major ways (ibid.): First, descriptive findings can be used as foundation for the development of 
better prescriptive methods. Prescriptive interventions focus on training or incentivising DMs 
to mitigate biased input. Descriptive findings may inform the design of better elicitation 
protocols (Montibeller & von Winterfeldt, 2015) such as developing procedures that let biases 
cancel out each other (Lahtinen et al., 2020). This usually concerns the preference elicitation 
stage. For instance, Delquié (1997) developed a preference assessment method called ‘bi-
matching’, which aims to mitigate scale compatibility effects (Fischer & Hawkins, 1993) during 
elicitation. Scale compatibility is considered one possible account for preference reversals 
(Clemen, 2008, p.11), a behavioural phenomenon that will be discussed in the next subsection. 
Other procedures (e.g. Bleichrodt et al., 2001; Anderson & Hobbs, 2002) adjust elicited input 
post hoc to reduce projected biases. Carlson et al (2008) provide further thoughts about 
prescriptive guidelines for other stages of DA. The second possibility to harvest from the 
connection between BDR and DA is to develop new tools to assess the effectiveness of decision-
making methods (Clemen, 2008). In this context, a further goal of this thesis will be to detect 
and utilise the potential of MAVT for prescriptive intervention to the study and evaluation of 
MA choice processes. The intervention stage will be discussed in Chapter 8. 

 

3.1 Descriptive Evidence against Normative Decision-making Theories 
 

Additional to the arguments by Ward Edwards and Herbert Simon above, I present 
empirical evidence that indicates the need for descriptive decision-making theories (see also 
Rieskamp et al., 2006, p.653). Classic Decision Theory regards preferences as a stable and well-
defined entity, which DMs retrieve when needed. Accordingly, in utility/value measurement, 
equivalent methods of preference elicitation should always result in the same preference 
structure. This is the principle of invariance (Tversky et al., 1988). Well-defined preference 
structures are one requirement for MAVT, as depicted in Table 2.3.1. Motivated by the doubt 
expressed about the ‘economic man’, psychologists researched the question to what extent 
humans know what they want (Lichtenstein & Slovic, 2006).  

Sarah Lichtenstein & Paul Slovic were the first to challenge the invariance principle in 
a set of behavioural experiments (Lichtenstein & Slovic, 1971). They found that most subjects 
behaved in the following pattern when confronted with a certain gamble between bets with 
similar expected value. One bet, P bet, had high probability for a modest pay-out, while the 
other, $ bet, had modest probability for a high pay-out. Subjects preferred P bet, when the task 
was to choose one of the bets from the gamble, but preferred $ bet, when they should indicate 
their willingness to play each bet from the pair. This result indicates a preference reversal. Any 
reversal of preferences cannot be explained by normative choice theories. Grether & Plott 
(1979) looked at 13 alternative explanations for the phenomenon, which were related to the 
experimental setup of the studies. However, they found the reversals to be robust, a result they 
deemed unexpected themselves. This behavioural pattern was verified in subsequent studies 
until today (e.g. Seidl, 2002; Loomes & Pogrebna, 2017).  

Several possible sources for preference reversals exist in the literature (Loomes & 
Pogrebna, 2017), and some of them hint that people may construct their preferences within a 
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certain frame, which is the context or decision environment in which the choice is presented 
(Tversky & Kahneman, 1981). In that sense the initial question if people know what they want 
is debatable (Fischhoff, 1991). According to this psychological literature (e.g. Weber et al., 
1991), decision behaviour is not necessarily normative and certainly susceptible to some of the 
following task and context factors: irrelevant alternatives, time pressure, description of decision 
options, and response modes. Humans are subject to several cognitive and motivational biases 
(Montibeller & von Winterfeldt, 2015). Some of them will be reviewed later in context of the 
MAVT/MAUT procedure. After psychologists identified deviations from normative behaviour, 
research shifted to some extent from outcome- to process-oriented studies in order to identify 
the dynamics of descriptive decision-making behaviour (Weber et al., 1991; Oppenheimer & 
Kelso, 2015), for example by studying information-processing behaviour (Chapter 6).   

The prominence effect is another relevant behavioural bias that puts the nature and 
meaning of preference into question (Tversky et al., 1988). It is the term coined to describe 
empirical evidence that indicates the failure of procedural invariance, as expressed in a 
discrepancy between choice and matching response modes. In choice, the task is to select an 
option from a set of alternatives. In matching, indifferences between options are constructed 
(Weber & Borcherding, 1993). Psychologists assume that the behavioural pattern originates 
from the fact that DMs use different cognitive processes for choice and matching (Montgomery 
et al., 1990; Fischer et al., 1999). According to this viewpoint, in comparative tasks such as 
choice and strength of preference, people often weigh the most important (prominent) attribute 
more highly (Tverky et al., 1988; Fischer & Hawkins, 1993; Fischer, 1995), like in a 
lexicographic approach. DMs will quantitatively explore if there is an inherent dominance 
structure in the decision context (Montgomery, 1983), and in a second phase utilise qualitative 
lexicographic approaches (Fischer, 1995). In contrast, matching is a cognitively less demanding 
task that is solved by employing a quantitative strategy (e.g. based on value trade-offs: ibid.). 
The questions that appear unclear from this literature are: How do DMs identify attribute 
importance? And does this resemble true preferences of the DM (Fischer et al., 1999)? I will 
address issues regarding rationality assumptions, as well as the concepts of value and attribute 
importance, in Chapter 5. 

 

3.2 Implications for this Thesis 
 

The presented empirical evidence emphasises the necessity of BDR and alternative 
decision theories (for reviews of BDR: Einhorn & Hogarth, 1981; von Winterfeldt & Edwards, 
1986; Payne et al., 1992b; Morton & Fasolo, 2009; for Prospect Theory: Kahneman & Tversky, 
1979; Tversky & Kahneman, 1992; for Regret Theory: Loomes & Sugden, 1982), not in an 
attempt to discard classic Decision Theory, but rather to dismiss it as a descriptive decision-
making theory (Grether & Plott, 1979; Baron, 2003). Next, I briefly present the preference 
construction viewpoint and discuss its implications on the concepts of optimality and value 
that are fundamental for MAVT-based choice approaches. 

The well-defined preference structure, which is assumed by the axioms of normative 
decision theory is not apparent in all decision contexts (Bettman et al., 1998). An alternative 
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viewpoint is that preferences are constructed (Slovic, 1995; Payne et al., 1992b). It argues that 
construction of preference takes place when preference is retrieved. This construction process 
is influenced by the interplay of the information-processing system of the DM with the decision 
environment (Payne et al., 1999). Some influencing task and context factors were mentioned 
previously. Lichtenstein & Slovic (2006) add that the preference elicitation method matters 
also, which emphasises the need for prescriptive techniques to mitigate invariances during 
weight elicitation (Weber & Borcherding, 1993). The constructive viewpoint implies that the 
‘response on the spot’ (ibid., p.245) does not follow normative procedures, but rather is the 
result of a variety of heuristics that DMs employ (Gilovich et al., 2002). Heuristics can be 
regarded as shortcuts in decision making, which are utilised due to the limitations attributable 
to ‘bounded rationality’ (Gigerenzer & Selten, 2002).  

This does however not mean that there cannot be stable, underlying values (Payne et al., 
1999). Instead, Fischhoff et al (1999) point out that construal processes are to be expected in 
any case. Even when I am aware of my general values, I should take into consideration the 
context in which a choice problem is set. It appears that Payne and his Duke University 
colleagues (Payne et al., 1999) incorporate this argument into the preference construction 
theory as well. They state that expressed values represent basic values regarding a set of criteria, 
as well as the specific heuristics employed by the DM. Itamar Simonson critiques this notion 
(Simonson, 2008; Bettman et al., 2008). In his opinion, it exaggerates the extent to which 
preferences are constructed, which may result in lack of focus on inherent values. He attributes 
much of the empirical evidence for preference construction on failures of subjects to execute 
appropriate value trade-offs, an aspect that I already identified as a key contributor to ‘good’ 
decision making. But even with consideration of Simonson’s argument, available evidence for 
preference construction raises fundamental questions about preference, and particularly 
value/utility assessment. 

This thesis aims to explore on what grounds the decision quality in riskless MA choices 
may be evaluated and how to assist DMs to achieve better decisions. The introductory 
argumentation of this dissertation was that choices are ‘good’, when they reflect the preferences 
of the DM. It was reviewed how mathematicians built the concept of utility maximisation, and 
how it is still reflected today in DA and streams of MCDA. However, its literature assumes the 
existence of a stable and well-defined preference structure. This is challenged by arguments for 
preference construction. Indeed, it sheds doubt on the current notion of value. Thus, this section 
raises the following questions, which will be discussed in Chapters 4 and 5: 

What measures of optimality are appropriate given that people are subject to preference 
reversals and biases, and utilise heuristics instead of normative standards when making 
decisions?  

How to elicit information from the DM that represents his true values?  

Can the concept of an underlying value survive given the descriptive empirical evidence on 
preference construction? 
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4.  Multi-attribute Value Theory (MAVT) 
 

In the preceding sections MAVT was identified as procedure that is based on normative 
principles, thus inheriting a sense of optimality that has often been utilised to judge decision-
making quality in practical applications. In comparison with other popular approaches, this 
quality comes at the cost of a rather complex procedure and substantial requirements on the 
underlying preference structure (Table 2.3.1). In Chapter 3, I reviewed descriptive evidence 
that sheds doubt if this prerequisite is satisfied. Before I discuss the implications of descriptive 
findings on the value concept in Chapter 5, this chapter aims to elaborate upon the basic 
assumptions and procedures of MAVT. 

 The distinction between MAVT and MAUT is the way that uncertainty is implemented 
into the model. For a discrete MA choice without risk (MAVT), we assume that the DM can be 
certain of the consequences of each course of action. MAUT also considers the risk attitude of 
the DM given potential uncertainties. In both procedures the general criterion for a good choice, 
is to select the alternative that will be most preferred by the DM (Fischer, 1976). Consequently, 
it must be possible to express a preference structure. This preference relation is subject to the 
axiomatic foundation of MAVT/MAUT (Dyer, 2016). For riskless scenarios, preferences are 
modelled using value functions (von Winterfeldt & Edwards, 1986; Montibeller & Franco, 
2007). When aggregating an overall value for a choice alternative, the subjective relative 
importance of each attribute must be considered. This step is called attribute or criteria 
weighting. In the following, first a notion for preference relations will be given. Subsequently 
all other mentioned components of the MAVT method will be discussed. 

 

4.1 Preference Relations and Axioms 
  
A preference relation expresses which of several alternatives the DM prefers. Let us 

assume that the DM considers a car purchase, and that he chooses between two cars x and y 
with deterministic performances on a set of attributes. When asked for his preference among x 
and y, the DM may express strict or weak preference for one of the cars or indifference (Dyer, 
2016). The set of available options X to the DM is represented by x, y ∈ X, which states that x 
and y are the members of X. A strict preference for car x is written as x ≻ y. When the DM 
states indifferences between both options, then we write x ~ y. Indifferences can be regarded 
as absence of strict preference, thus when neither x ≻ y nor x ≺ y is true, the DM is indifferent 
between x and y. Weak preference for x over y, that is x ≻ y or x ~ y, is expressed as x ≽ y. 

 
This summarises the basic notation for preference relations that is used in preference 

studies. If the DM can supply one of these preference orderings, it implies that he possesses an 
underlying preference structure. Indeed, from the above follow several assumptions and axioms 
about choice behaviour. Firstly, the DM can express his preference over a pair of options 
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without contradiction, meaning that he cannot simultaneously state x ≻ y and x ≺ y1 (Varian, 
2006). If within X there exists no pair that contradicts this condition, then it obeys preference 
asymmetry. According to Dyer (2016), asymmetry is one property of consistent preferences. 
Secondly, we expect preferences to obey the axiom of transitivity. Transitivity means that if we 
have a set of options x, y, z ∈ X, and know that x ≻ y as well as y ≻ z hold, then x ≻ z must also 
be true (Arrow, 1958). If preferences are not transitive there is potential for exploitation. For 
intransitive preferences, such as x ≻ y, y ≻ z, and z ≻ x, the DM is eager to exchange x for z, z 
for y, and y for x. He would be willing to ‘go on another cycle’ and exchange x for z again. 
Since he would approve these exchanges, he may even be willing to pay for them and 
effectively become a ‘money pump’ (Fishburn, 1991; Rieskamp et al., 2006, p.653).  

 
If the axiom of transitivity holds for ≻, then ≻ describes a partial order. If it holds for 

≻  and ~ , then ≻  is a weak order (Dyer, 2016). Weak order is a common assumption in 
preference theory because of beneficial properties for the preference relation. For a weak order 
≽ is transitive and complete (Fishburn, 1991). Thus, for any pair x and y, you either have x ≽ y 
or x ≼ y. According to Dyer (2016), given a weak order, preference for the case of strict 
preference and indifference is transitive; additionally, for indifference you can assume 
preference to be reflexive (x ~ x for all x) and symmetric (x ~ y  y ~ x). Also, for any pair x 
and y, there can be only one statement of x ≻ y, x ≺ y, or x ~ y valid at a time. As consequence 
of weak order, the DM can create a preferential ranking of all available options. If X is 
furthermore finite, the DM’s preferences can be represented numerically in the form of a value 
function (ibid.), where x ≻ y  V(x) > V(y). 

 
The term V(x) describes the value that the DM associates with car x. If he prefers x to y, 

the subjective value of x must exceed the value of y. As noted previously, value functions are 
used to model preferences and as such are preference representation functions. They preserve 
order of preference relations in a way that the real numbers, which represent the value for x and 
y (V(x) and V(y)) under > are coherent with the ranking of x, y, etc. under ≻ (ibid.). 

 
 

4.2 Value Functions  
 

Before an overall score for each choice alternative can be used for comparison, we first 
need to identify the marginal value functions vi(x) for each attribute i, and second utilise an 
appropriate function to combine these preferences across criteria (Belton & Stewart, 2002). 
Regarding the first point we are interested how desirable it is for the DM to achieve varying 
levels of performance on each attribute, or how his marginal value function behaves across the 
whole set of potential performance states. We are not only interested in the ordering of the 
alternatives in this step, but also in strength of preference (Barron et al., 1984).  

 

 
1 In economics this is called ‘weak axiom of revealed preference’ (Samuelson, 1948). 
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For most applications, the marginal value functions are aggregated using an additive 
value function. It has the following form when we consider m attributes: 

 V(x) =  ∑ 𝑤𝑤𝑚𝑚
𝑖𝑖=1 i vi(x) (4.1.) 

In Equation 4.1 V(x) represents the overall value of alternative x. The product of wi vi(x) 
is summed up over m attributes. vi(x) describes the performance of option x on the marginal 
value function of an attribute i. wi is the relative importance of attribute i for the DM. The 
additive value function adds together the weighted partial performances of a choice alternative 
over the set of attributes. In the end, all alternatives can be compared on the grounds of their 
total scores, which represent desirability. Belton & Stewart (2002) recommend using the scores 
as basis for subsequent sensitivity analysis. 

 
 

4.2.1 The Additive Value Function  
 

The additive value function is only one possibility to aggregate marginal value functions 
into an overall score, but it is popular among researchers (Barron et al., 1984; Dyer et al., 1992). 
The cause for this is, given the components of the model satisfy a set of properties, the additive 
value function is robust, simple, and appropriate as a normative model (Belton & Stewart, 2002; 
for a critic: Barzilai, 2010). The additive value function corresponds to the common-sense 
approach of weighting benefits against drawbacks (Fishburn, 1968). Stewart (1996) evaluated 
its consistency and reliability in a simulation study. The study addressed criticisms, which 
originated from empirical evidence of descriptive decision making. The specific properties that 
he found to be necessary for application of the additive value function are preferential 
independence and appropriate handling of non-linearities in the marginal value functions. 

 
Preferential independence (Belton & Stewart, 2002) states that value trade-offs, which 

the DM executes to express his preferences for a pair of attributes, should not depend on what 
performance levels the remaining attributes have2. If the achievement on other criteria affects 
the DM’s judgement it is obvious that preferential independence is not satisfied and the simple 
addition of scores for aggregation purposes is inappropriate (Chen & Pu, 2004). Von 
Winterfeldt & Edwards (1986) give the example of a beach apartment investment, where two 
properties only differ in the distance to the ocean. The strength of preference for this attribute 
should not depend on other attributes like rent, noise, or access to the beach. In the case that it 
does however, the analyst should consider deriving the total score by means of other 
mechanisms such as the multiplicative value function (Barron et al., 1984).  

 
2 A mathematical expression for the necessary conditions is provided in Appendix B of Lai (2001) and Montibeller 
et al (2020, p.92). It can be found in Appendix of Section 8.2. Montibeller & Franco (2007) give an example where 
preferential independence does not hold: Imagine a CEO must select a new building for his company. The relevant 
attributes are ‘total floor area’ (range: 500m2 to 1000m2) and ‘number of offices’ (range: 30 to 80 offices). 
Individually considered, the optimal building would maximise on both attributes. However, if the total floor area 
is only 500m2, the CEO would prefer 30 to 80 offices because otherwise each office would have insufficient space. 
Therefore, preferential independence is violated.  
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Area Object Definition 

Preference relations: 
Notation 

   Set of options x, y ∈ X 

   Strict preference x ≻ y 

   Weak preference x ≽ y 

   Indifference x ~ y 

Well-defined preference 
structures: Axioms 

   Preference asymmetry 
x ≻ y and x ≺ y cannot hold 

simultaneously 

   Transitivity 
   => Weak order 

If x ≻ y as well as y ≻ z holds, then x ≻ 
z must also hold 

Weak order: Properties 
=> Value function can be 
used for representation 

   Completeness 
Either x ≽ y or x ≼ y must hold at any 

time 

   Reflexive x ~ x holds for all x 

   Symmetric x ~ y  y ~ x 

Value Function: Notation    Additive value function V(x) =  ∑ 𝑤𝑤𝑚𝑚
𝑖𝑖=1 i vi(x) 

Additive Value Function: 
Prerequisites 

   Test for preferential 
independence (Montibeller et 
al., 2020) 

Trade-offs should not depend on 
performance levels of remaining 

attributes 

   Deal with non-linearity 
(Stewart, 1996) 

Non-linearity of value functions 
demand interpolation of 3-4 points3 

2- Table 4.2.1.1: Summary of preference relation notation and the additive value function 

To discuss non-linearities in marginal value functions, I start from the descriptive 
research undertaken by Tversky & Kahneman (1981) that led to the introduction of Prospect 
Theory. Their experimental evidence indicates that often the subjective gain in utility for the 
DM varies depending on the spot of the utility function where the change takes place. For 
riskless choices with value functions they also show that “reference levels play a large role in 
determining preferences” (Tversky & Kahneman, 1991, p.1039). While we usually assume 
monotonicity, which means that over the scale of the value function either ‘more is better’ or 
‘less is better’, the increase/decrease of value does not have to be, and in fact sometimes is not, 
linear. Several economists such as Friedman & Savage (1948) and Markowitz (1952) have 
stated such claims. Fishburn & Kochenberger (1979) reviewed this topic and found certain 
properties of value/utility functions to be true. For instance, value functions are often S-shaped 
(Tversky & Kahneman, 1991: Figure 1). This implies a more convex nature at lower 

 
3 This portrays the practical approach (Stewart, 1996). In theory one may also parametrise a continuous function 
instead, such as an exponential function. 
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performance levels, and more concave shape at higher achievement levels. For instance, a 
change in earnings from €10 to €30 per hour could inhibit a more profound value increase on 
the marginal value function than the same increase of €20 at the €1,000 level. 

Despite the common monotonicity assumption, non-monotonic value functions do occur 
and need to be handled appropriately. Sometimes there exists an intermediate level on the 
marginal value function, which represents the most or least preferred point on the scale. Such 
an occurrence can be sensible and may indicate that the measurable attribute scale, used to 
model the DM’s value for a specific attribute, does indeed reflect a pair of conflicting values. 
Belton & Stewart (2002) give the following example in a house-buying context: The attribute 
of concern is the ‘distance to the local railway station’. The most preferred distance might be 
neither very proximal nor very far away from the station. Values that might conflict here could 
be ‘noise avoidance due to trains’ (close location is not preferred), and ‘reduction of commuting 
time’ (distant location is not preferred).  

Taken together, the presented evidence emphasises the need to capture non-linearities 
(Belton & Stewart, 2002). Stewart (1996) recommends interpolating at least three to four points 
when building the marginal value function to mitigate effects from non-linearity. Table 4.2.1.1 
summarises the notion of preference relations, and the stated assumptions and prerequisites for 
the use of the additive value function. I will next review how to construct marginal value 
functions and describe two popular methods for additive value measurement. 

 

4.2.2 Marginal Value Functions and Scaling Concerns 
 

The first step in the construction of marginal value functions is to decide for a 
measurable attribute scale. Generally, we distinguish here natural versus constructed scales 
(von Winterfeldt & Edwards, 1986; Belton & Stewart, 2002; Keeney & Gregory, 2005). If the 
DM’s preferences depend on the objective ’minimisation of cost’, the price of each car in the 
choice set provides an attribute whose value achievement can be measured on a quantitative 
natural scale of prices. However, sometimes there are no natural attributes to measure an 
objective. Constructed scales can be of quantitative or qualitative nature. A famous constructed 
qualitative scale is the Beaufort scale, which measures the strength of wind (Belton & Stewart, 
2002). Note that while the Beaufort scale is used naturally to assess risks, the scale itself is 
made up of constructed categories related to wind speed and other factors. If possible, Detlof 
von Winterfeldt recommends the use of natural scales (von Winterfeldt & Edwards, 1986). 
Keeney & Gregory (2005) agree with this notion, as constructed attribute scales may be 
regarded as vague and less objective than natural scales. Moreover, care must be taken to assure 
that attributes have the properties depicted in Table 4.2.2.1. 

According to Belton & Stewart (2002), the properties in Table 4.2.2.1 guarantee that 
reliable judgments can be made, which correspond to the fundamental objectives of the DM. 
Given that measurable attribute scales have been identified, the next step to consider is to set 
appropriate upper and lower bounds for all attribute scales. There is a choice between local and 
global scales. To provide an example for this, consider the attribute ‘price of a car in €’. Choice 
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alternatives are described by x, y, z ∈  X, and the three cars have the following costs in 
alphabetical order: €16,100, €16,000, and €15,900. A local scaling approach would denote a 
score of 100 to the best option z, and a score of 0 to the most expensive alternative x. 
Alternatively, a global scale does not only focus on the local context but takes the complete 
experience and imagination of the DM into account, in order to set hypothetical anchors that 
are worthy of the scores 100 and 0. Monat (2009) investigated this issue and compared both 
approaches. He states that there is a tendency of local scales to overemphasise small differences 
among alternatives. This may potentially lead to wrong conclusions. Also, a local focus makes 
it hard during the analysis to integrate new alternatives, which are not part of the initial range.  

Property Definition Question for DM & Analyst 

Direct Attributes should describe 
consequences directly 

Does the attribute relate to the 
achievement of an option? 

Understandable Consequences of usage are clear to the 
DM 

Do you understand the attribute 
and its levels? 

Operational Necessary information can be obtained, 
and value trade-offs be made 

Is it feasible to create a 
performance matrix? 

Comprehensive Full range of consequences are covered 
Are all relevant outcomes for the 

options considered? 

Unambiguous 
Clear relationship between actual 

consequence and its description in the 
attribute 

Is the level of achievement for each 
option clear from the attribute’s 

description? 

3 - Table 4.2.2.1: Properties of well-constructed attributes (Keeney & Gregory, 2005) 

 

4.2.3 Marginal Value Functions and Biases 
 
 I now turn to value measurement techniques. There are several early overviews in the 
literature (e.g. Fishburn, 1967; Johnson & Huber, 1977). My supervisor Gilberto Montibeller 
categorises them by the approach with which judgments are made; into numerical judgments 
(e.g. direct rating), indifference judgments (e.g. bisection), and qualitative judgments (e.g. 
MACBETH software: Bana e Costa & Chagas, 2004). Direct rating (DR) and bisection are the 
two traditional methods for value measurement (Montibeller & Franco, 2007; Goodwin & 
Wright, 2009). 

 DR is a simple method. For an attribute, the DM is asked to identify the best and worst 
performing alternative. This approach works for quantitative and qualitative variables 
(Goodwin & Wright, 2009). It can be used to derive values for the ‘beauty of a street’, as well 
as ‘cost of an apartment’. The best alternative gets a score of 100 and the worst performing 
option receives 0. The essential point is to evaluate the remaining alternatives relative to these 
two anchors. Distance between the alternatives on the scale should represent the strength of 
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preference (ibid.). Accordingly, an increase in score from 10 to 30 should be twice as preferred 
as a change from 10 to 20. Von Winterfeldt and Edwards (1986) suggest the analyst to explore 
the reasoning behind the ranking. Sometimes DMs fail to execute this step precisely, so 
consistency checks are a useful tool. In the above example, a possible check would be to ask if 
the alternative with score 30 is indeed twice as preferred as the alternative with score 20.  

 The bisection method starts with the identification of extreme values. If we consider an 
attribute ‘duration of commute’, the DM could consider a workplace nearby his home, so that 
this alternative may be set to 100 (assuming shorter commuting times are preferred). 
Additionally, the DM may impose a constraint of one hour for the commute, so that any 
locations beyond this limit are set to a value of 0. The bisection procedure utilises indifference 
statements. In this example we want to find a mid-value point t50 between 0 and 60 minutes, 
where the value increase of both mid-value to extreme point pairs are value equivalent (Chen 
& Pu, 2004). In order to do this, we start for instance with the question: “Give me the number 
of minutes t50, for which the increase from 0 minutes to t, is indifferent with t to 60 minutes for 
your commuting time”. A value for t50 of 30 could indicate a linear shape of the marginal value 
function for this attribute, while a value of 10 would emphasise strong intent for reduction of 
commuting time at lower performance levels. If the DM states that t50 = 20 minutes, the analyst 
implies that this time corresponds to a marginal value of 50. Following Stewart’s (1996) advice 
we should interpolate the scale at least at three to four points. Thus, the bisection procedure 
continues to ask: “Give me t25, so that an increase from 0 minutes to that value t is equivalent 
with an increase in commuting time from t to 20 minutes”. Similarly, the procedure will ask the 
DM for t75 to finalise the marginal value function. Further information on bisection can be found 
in von Winterfeldt & Edwards’s book (1986, p.235ff). 

Due to their simplicity, the DR and bisection techniques appear applicable in unassisted 
settings. But are their procedures too simplistic? As was noted previously, descriptive decision-
making research indicates that DMs often struggle to process decision information perfectly. 
Humans are subject to several biases that potentially affect their judgment. Montibeller & von 
Winterfeldt (2015) assessed several cognitive and motivational biases and the way they 
interfere with DA procedure. For the elicitation of partial values, they find that especially utility 
measurement is subject to biases (e.g. Hershey et al., 1982). Examples are the gain-loss bias 
that occurs in the standard risky choice framing paradigm (Levin et al., 1998), and certainty 
effects (Kahneman & Tversky, 1979). The gain-loss bias is related to the properties of Prospect 
Theory. Human behaviour is influenced by the distinction if something is framed as loss or 
gain. Similarly, certainty effects describe the tendency of DMs to prefer sure things over risky 
prospects. Both mentioned biases occur in the gambling paradigm used in utility measurement, 
which belongs to decision making under uncertainty. For the choice among safe options, as in 
the value measurement context of this thesis however, they do not apply. Thus, I conclude that 
DR and bisection should be appropriate procedures for value measurement. 
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4.3 Attribute Weighting  
 

After information is elicited to derive marginal value functions, an aggregation function 
is used to compute an overall score for each alternative that represents its desirability. For the 
additive value function, marginal scores are weighted according to the relative importance of 
each criterion. In the equation of the additive value function attribute weight is represented by 
wi for an attribute i. By way of weighting, the DM prioritises his objectives and determines 
value trade-offs (Montibeller & Franco, 2007). Thus, elicitation methods are of compensatory 
nature, as the weights implicitly reveal how much a DM is willing to give up on one criterion, 
to gain more on another attribute (Riabacke et al., 2012). Within MCDA, the subjective nature 
of decision making is embodied in the choice of attributes and the relative weight that is 
assigned to them (Belton and Stewart, 2002). Attribute weighting has led to extensive 
discussions regarding a multitude of techniques that have been brought forward to elicit 
information (ibid.). It is considered the most cognitively demanding step of the MCDA process 
(Morton & Fasolo, 2009).  

There are several weight elicitation techniques, which can be classified according to the 
type of information that is derived. Many methods try to obtain complete information (de 
Almeida et al., 2016). Riabacke et al (2012) refer to approaches that maintain ratio scales 
properties and that use precise values for representation as ratio weight procedures. Other 
techniques, such as MACBETH (Bana e Costa & Chagas, 2004), utilise qualitative evaluations 
(de Almeida et al., 2016), or even partial and imprecise information (Barron & Barrett, 1996; 
review: Riabacke et al., 2012). For ratio weight procedures, on which I will focus here, it is 
conventional that weights range between 0 and 1, while the sum of all criteria weights is 
normalised to 1. Members of this family of techniques vary significantly in the difficulty of 
application.   

Simple methods are direct rating (DR) and point allocation (PA) techniques. Like in 
value measurement, DR in the attribute-weighting context demands to provide scores for the 
relative importance of each criterion. PA is similar, but the DM is advised to use a pool of 
points to distribute among criteria. Bottomley et al (2000) conducted an experiment to compare 
both methods. They assumed that PA would be more troublesome to implement because it 
requires keeping count of the amount of points that is available at all times. Thus, DMs must 
balance having points left at the end versus running out of points too early in the decision-
making process. They found that indeed the consistency of choice was significantly higher with 
DR (88% vs 74%). They concluded that DR is more reliable as a technique, and that subjects 
themselves favoured DR over PA. 

Advanced methods are the traditional SMART (simple multi-attribute rating technique: 
Edwards, 1977), SWING (von Winterfeldt & Edwards, 1986), and TRADEOFF techniques 
(Keeney & Raiffa, 1976). SMART is not a pure weighting technique, but rather refers to the 
whole process of rating alternatives (Pöyhönen & Hämäläinen, 2001). In this overview, 
however, I will only refer to criteria weighting within the procedure. The first step is to identify 
the least important attribute in the set and indicate a number for this criterion (for example 10). 
Next, all remaining attributes are evaluated relative to that least important criterion. The DM 
assigns ratio estimates that are not bound by an upper limit (Riabacke et al., 2012). In the end, 
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all ratings are normalised to get the weights. This method does not consider attribute ranges to 
attain the importance measures for the attributes. To address this problem, Edwards & Barron 
(1994) created SMARTS, which may be understood as a hybrid technique of SMART and 
SWING.   

The SWING method explicitly addresses attribute ranges during the weight elicitation 
process. Gregory (2000, p.160) and Goodwin & Wright (2009) provide examples for its 
procedure. Let us assume that we are interested to weigh the attributes ‘location’, ‘size’, and 
‘comfort’ in a house-buying context. A matrix, which shows performance levels of every 
alternative on each attribute, provides data about the lowest performance on every criterion. 
The DM is told to imagine a hypothetical alternative, which performs on all attributes with 
these lowest-level performances. Next, the DM can choose to swing on an attribute of his choice 
from the lowest to the best performance level. The attribute on which he chooses to perform 
the swing first will be ranked number 1. The questions are repeated until a complete ranking of 
criteria is obtained. Assume the final attribute ranking is ‘location’, ‘size’, and ‘comfort’. 
‘Location’ then receives a weight of 100, and the DM is asked to compare a swing from the 
worst to the best performance on attribute ‘size’, with a swing from the worst to best location. 
The DM may rate the relative importance of that swing as 75%. Next, he will be asked to 
compare the swing on attribute ‘comfort’, with a change from worst to best location. He may 
state 30%. Now the weights can be normalized so that they sum up to 100. Therefore, divide 
each weight by the total sum of weights and multiply with 100.  

According to Weber & Borcherding (1993), TRADEOFF has the strongest theoretical 
foundation, but is also the most complex technique (Riabacke, 2012). Its key idea is to compare 
two alternatives with each other, and to assume that they perform identical on all attributes 
except two. Thus, attributes are judged in pairs. One alternative has the best performance on 
the first criterion, and the worst achievement on the second, while it is the opposite for the 
second alternative. The DM is asked which of the two alternatives he wants to select. From this 
choice the preferred attribute can be implied. Next follows an adjustment process until there 
exists indifference between both alternatives (Weber & Borcherding, 1993). For instance, the 
DM could be asked how much he is willing to give up on the most important attribute, to change 
the second criterion to its best outcome. For a total of n attributes, n-1 indifference statements 
are necessary if no consistency checks take place (Riabacke, 2012). TRADEOFF is 
troublesome if not all attributes can be measured on a continuous scale (Pöyhönen & 
Hämäläinen, 2001). 

 

4.3.1 Attribute Weighting and Biases 
 

Which of the presented attribute weighting techniques can be considered best? In 
principle this question is only relevant if methods are not leading to equivalent weights. The 
issue is that researchers cannot know exactly how DMs interpret elicitation questions 
(Hämäläinen & Salo, 1997; Korhonen et al., 2013; Pajala et al., 2019). It turns out that the 
choice of weighting method indeed plays a role for the resulting scaling factors. Pöyhönen & 
Hämäläinen (2001) found that DR, SWING, and TRADEOFF yield similar but not identical 



 37 

weights. The result of SMART differed from other methods more severely. Overall, it 
confirmed previous findings that weighting methods are not always consistent (e.g. 
Borcherding et al., 1991). Also, human biases appear to have a more thorough impact on 
attribute weighting than on value measurement (Weber & Borcherding, 1993; Montibeller & 
von Winterfeldt, 2015). Some examples are the splitting bias, which describes the tendency to 
allocate larger weights to attributes that are defined in more detail (Weber et al., 1988), or the 
equalising bias, according to which DMs tend to start out with similar weights for all criteria 
(Jacobi & Hobbs, 2007). These two biases usually occur when using value trees in the DA 
procedure (ibid.). The proxy bias (Fischer et al., 1987) states that DMs overweigh proxy 
attributes as compared to natural attributes.  

However, the weighting bias, which is most influential for this thesis is the attribute 
range insensitivity bias. The basic idea behind it is a rather simple observation, that is the notion 
that attribute weights should depend on the range of attribute scales. This fact was one reason 
why Edwards & Barron (1994) revised SMART. They state that “SMART should be dead” 
(ibid., p.306), as “the procedure ignores the fact that range as well as importance must be 
reflected in any weight” (ibid., p.316). An example helps to emphasise this: ‘Cost’ is often an 
important attribute in choice. But is it still as important for distinguishing alternatives if the cost 
of options range only between €1,000 and €1,010 (Pajala et al., 2019, p.1147)? Even though, it 
should appear intuitive to interpret weights locally depending on the attribute’s range, people 
not always do this (Goldstein, 1990; Pajala et al., 2019). Sometimes people refer to global 
interpretations of subjective weights instead. That is seeing weight more as a characteristic 
rather than as an assessment. A characteristic does not depend on local stimuli (Goldstein, 
1990). This interpretation would fit to a person, who answers the question of Chapter 2, 
regarding whom of the manufacturers Mercedes or Honda provides higher quality cars, on the 
spot without asking for the local choice context (Pöyhönen & Hämäläinen, 2000, p.275; see 
also Pajala et al., 2019, p.1140). 

 

4.3.2 Attribute Weighting and Range Sensitivity 
 

Von Nitzsch & Weber (1993) derived the normative relation between attribute range 
and attribute weight. They created a measure to identify precisely how attribute weights should 
be adjusted in response to changes in attribute range. The range sensitivity index (RSI: 
Equation 4.2.) states what proportion of change in attribute range (represented by the factor m) 
the DM considered in his assessment (represented by the factor memp). A value of 1 for RSI 
means that the observed weight adjustment is exactly what would be theoretically required.  

 RSI = (memp – 1) / (m – 1)  (4.2.) 

Monat (2009) summarised previous studies, which used RSI and related measures to 
test how range sensitive people are in a variety of decision situations. The first findings were 
reported by Levin et al (1976). They asked students to rate performance of classmates 
depending on mid-term and final exam scores. The experiment used four experimental 
conditions, each having a different combination of scores and attribute ranges. By using an 
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additive integration model, the weights for mid-term and final exam scores were estimated for 
each group. Between-group differences were tested for statistical significance, but interestingly, 
none of them approached the significance threshold. The authors concluded that the attribute 
range manipulations displayed no impact on the subsequent criteria weighting. They suggested 
that attribute weights might be invariant over attribute range. 

Gabrielli & von Winterfeldt (1978) conducted an experiment involving an apartment 
evaluation task, a location evaluation task, and a simple two-attribute car choice setting. For 
the first two tasks, only 1 out of 40 subjects adjusted the attribute weight correctly to the 
attribute range manipulation. In a second experiment, Gabrielli & von Winterfeldt instructed 
all participants explicitly to consider attribute range. Prior to the manipulation, which doubled 
the range of attribute ‘gas mileage’, subjects were given default values for the relative 
importance of both attributes. The question was how these weights should be adjusted due to 
the manipulation. 24 out of 34 participants indicated that there should be no change at all. 
Overall, the authors concluded that even in an extremely simple evaluation task, 70% of people 
were completely range-insensitive, while only five subjects provided a correct adjustment to 
the scaling factors. 

 Stewart & Ely (1984) performed an experimental study about air quality management 
options for Denver. Three attributes were used: ‘health effects’, ‘haze’, and ‘savings/costs’. The 
authors conducted interviews with participants and worked with them through several tasks. 
Firstly, they performed a SWING procedure together. Afterwards, they determined the shape 
of participant’s value functions and risk attitudes within graphical representations. In a 
subsequent experiment the attribute ranges for ‘health effects’ and ‘haze’ were reduced by a 
factor of four and two to check how people would adjust their criteria weights. For ‘health 
effects’, the new weights were only slightly smaller, while for ‘haze’, the adjusted weights even 
increased compared to the original measurement. Despite the previous tasks, which should have 
raised awareness among participants, people were insensitive to changes in attribute range. The 
explanation offered by the authors is based on a similar argument as the one by Goldstein 
(1990). They assumed that subjects referred to general (global) attitudes towards the two 
attributes during weighting, rather than the local decision context.  

Regarding the distinction of ‘global versus local interpretations of relative attribute 
importance’, Goldstein (1990) conducted an interview to examine himself which of the two 
participants would employ. The results I discuss here are based on the group that was told to 
decide according to their own preferences4. An experiment with attribute range manipulation 
was hold for a two-attribute apartment choice context. Goldstein instructed people to mark on 
a scale how they assessed their relative importance. Results indicated that the group with wider 
attribute range for ‘rent’, in fact, gave significantly higher weight to that attribute than the 
narrow range condition. Goldstein concluded that people interpreted weights locally in the 
experiment and were thus sensitive to attribute range. 

Beattie & Baron (1991) undertook six experiments regarding range sensitivity. The 

 
4 The study included other groups, which were instructed to infer preferences from friends, etc. Those contexts are 
not relevant for this thesis. 
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experiments varied the way that range manipulations provided information about the ‘value’ of 
the attributes. For instance, in Experiment 1, in which the authors regarded the attribute spread 
to provide no information about the attribute value, subjects were asked to select the best 
basketball player out of 50 to join their team next season. Players were rated each by a 
hypothetical coach (rating how many games would be won) and doctor (rating how many games 
the player would be injured). Participants had to decide whom to pick. Beattie & Baron thought 
of the provided ratings as ‘filler items’ that were irrelevant to the target stimulus and thus they 
argued that criteria weights should not be impacted by the attribute range manipulation. In 
Experiment 1, subjects were indeed unaffected, which failed to weaken the classical decision 
theoretic view on preferences. In contrast, during the last experiment the authors argued that 
the attribute range manipulation provided information about the ‘value’ of the target stimulus. 
In that experiment, subjects rated applicants for a manager position. Attributes were ‘leadership 
potential’ and ‘interpersonal skills’. Subjects had no previous experience with the context; so, 
they had to evaluate the goodness of an applicant by comparing his performance with the 
distribution of performances from other applicants. In this study, criteria weights were sensitive 
to attribute ranges. Overall, their findings suggest that subjects were only range sensitive in one 
out of the six experiments.  

  The RSI measure was first used by von Nitzsch & Weber (1993) on a three-attribute 
job evaluation problem. Attributes were ‘salary’, ‘job security’, and ‘career opportunity’. They 
compared direct ratio and regression weights on different attribute ranges: halved and doubled. 
The results for RSI across those groups varied from 0.18 – 0.75 with an average of 0.34. The 
authors conclude two main findings for prescriptive decision research: First, they encourage 
research on the relationship between range awareness and range sensitivity. This is because 
they felt that ranges had been more salient for the regression group, which also had higher RSI 
scores. Second, their results indicate that simple weighting techniques, such as DR, PA, or even 
AHP, should be avoided. Weight elicitation methods, which ignore attribute ranges, can lead to 
biased weights. However, even when attribute ranges are salient, DMs often fail to adjust 
criteria weights in accordance with the normative expectation. 

Fischer (1995) compared SMART, SWING, and TRADEOFF with regards to the range 
sensitivity shown by participants in a two-attribute job evaluation task. In the first experiment 
he found that SMART weights were range insensitive. He conducted a second experiment 
where he focused on the comparison between SWING and TRADEOFF, where both methods 
led to attribute weights that showed statistically significant range sensitivity. Performance in 
both procedures was similar: RSI of 0.62 versus 0.63. In his article, Fischer argues that 
TRADEOFF tends to overweigh the most important attribute. An analogy to the prominence 
effect, which looks at this phenomenon with respect to different response modes (Section 3.1), 
failed to explain this difference across the tested attribute weighting techniques. 
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Name of Study Attribute Range Sensitivity RSI  

Levin et al., 1976 Subjects were insensitive n/a 

Gabrielli & von Winterfeldt, 1978 70% of subjects were insensitive n/a 

Stewart & Ely, 1984 Subjects were rather insensitive n/a 

Goldstein, 1990 Subjects were rather sensitive n/a 

Beattie & Baron, 1991 Subjects were sensitive in 1out of 6 
experiments 

n/a 

Von Nitzsch & Weber, 1993 Sensitivity varied across weighting methods 
0.18-0.75 

(AVG 0.34) 

Fischer, 1995 Sensitivity varied across weighting methods 
0.12-0.78 

(AVG 0.62) 

Pöyhönen & Hämäläinen, 2000 Sensitivity, while varying across 
conditions, was comparatively high 

0.44-0.88 
(AVG 0.65) 

Gedenk & Sattler, 2009 Sensitivity varied across weighting methods 
0.07-0.73 

(AVG 0.45) 

4 - Table 4.3.2.1: Overview of findings about attribute range sensitivity (Monat, 2009) 

Pöyhönen & Hämäläinen (2000) studied two common weighting biases: the attribute 
range insensitivity bias and the splitting bias. They assumed that the meaning behind the 
concept of attribute weights might be unclear to DMs. According to them, in MAVT, criteria 
weights should describe the desirability of a change from worst to best performance level on an 
attribute. However, research indicates that people are unaware or unable to adjust attribute 
weights properly when attribute ranges are manipulated. Thus, at the first stage of their 
experiment they taught three groups of subjects about ‘attribute importance’, referring to both 
biases above, making them more salient. Next, they tested if subjects weighted range sensitive 
under this condition. They only used SWING method. The experimental task was a replication 
of the three-attribute job evaluation from von Nitzsch & Weber (1993). The resulting averages 
for SWING were higher than in previous studies: 0.55, 0.69, and 0.77; overall average: 0.65. 
Interestingly, almost all participants adjusted weights in the correct direction after the range 
manipulation. Roughly 21% (18 of 84) of subjects even over-adjusted the weights. The authors 
regard this comparatively high degree of range sensitivity as an indication that careful 
instructions can encourage DMs to mitigate the bias, even though the experimental task was 
rather unimportant to participants. In a real setting with professionals, the effects from 
prescriptive intervention might be even more profound. 

Gedenk & Sattler (2009) published the most recent study on RSI. Their decision 
problem was a four-attribute holiday choice context. From the weighting procedures that I 
reviewed above, they only tested SWING. The corresponding RSI was reported as 0.45, which 
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is worse than in the studies by Fischer (RSI = 0.62), and Pöyhönen & Hämäläinen (RSI = 0.65). 
Gedenk & Sattler also referred to a previous study in a German journal, where RSI had been 
0.45 also. From the nine other weighting methods employed in their experiment, SWING was 
only outperformed by adaptive conjoint analysis (Johnson, 1987). The authors conclude that 
SWING is appropriate if the intent is to utilise a weighting method, which is not too complex. 
All mentioned findings about the range insensitivity bias are summarised in Table 4.3.2.1. 
Numbers in the RSI column display, if applicable, the range of RSI values and, in parentheses, 
their average. 

 

4.3.3 Summary of Attribute Weighting 
 

The academic literature contains several comparisons of attribute weighting techniques 
(e.g. Schoemaker & Waid, 1982; Borcherding et al., 1991; Pöyhönen & Hämäläinen, 2001; 
Riabacke et al., 2012). A more general review of some of the issues mentioned here is provided 
by Weber & Borcherding (1993). They investigate procedural and descriptive invariance in the 
context of criteria weight elicitation. Descriptive invariance is exhibited by DMs, who cannot 
maintain consistent attribute weights across different problem structures, as is the case for the 
range insensitivity bias. Procedural invariance demands that DMs can utilise weighting 
techniques consistently and correctly. There is evidence that this is often problematic 
(Borcherding et al., 1991). I believe the most effective approach to resolve this issue is to elicit 
information with an experienced decision analyst in an interactive setting and to use decision 
contexts that matter to participants, as shown in Pöyhönen & Hämäläinen (2000). They 
instructed students about biases and allowed feedback, thus getting more sensitive RSI values 
(see also Anderson & Clemen, 2013). 

Regarding convergence between weighting techniques, the reviewed literature indicates 
that it only occurs partially, but some methods fail to converge with good reason. From the 
presented methods this is DA, PA, and SMART as they do not explicitly consider the attribute 
ranges. SWING and TRADEOFF perform better over the cited literature. TRADEOFF, 
however, entails some drawbacks, such as its rather complex procedure and the inherent 
difficulty to handle scales that are not continuous. Over numerous studies, SWING provided 
similar results to TRADEOFF. In my opinion, SWING uses a procedure that corresponds well 
with the intended meaning of attribute weights, which is the desirability of shifts from worst to 
best attribute performance levels (Pöyhönen & Hämäläinen, 2000), while being not overly 
complicated in execution. Thus, I recommend the following methods on the grounds of my 
previous analysis of elicitation techniques: DR or bisection for marginal values and SWING 
for attribute weights. This choice also aligns with other recently published research (e.g. Zheng 
& Lienert, 2018). 
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4.4 Conclusion and Reference to Descriptive Issues 
 

To conclude this chapter, I refer to the three questions at the end of Chapter 3. I discuss 
Questions 1 and 2 simultaneously. The starting point is my review about MAVT with focus on 
the comparison of alternating elicitation techniques. It showed that the question if there are true 
underlying values or not, which can be unambiguously represented and modelled, is to some 
extent debatable (Chapters 3 & 5). However, this does not contradict the fact that some 
elicitation techniques are more appropriate than others. My analysis of elicitation procedures 
indicated that issues, which stem from the occurrence of biases are more profound in attribute-
weighting. The most relevant bias for my project is the range insensitivity bias. For a measure 
of choice quality in the subjective realm of decision making this bias implies that consideration 
of attribute ranges is a crucial step in any method involving ‘attribute importance’.  

I identified SWING as an appropriate approach for attribute weighting. In combination 
with careful marginal value elicitation, one can derive a value model that should approximate 
true values. This is a cornerstone argument for decision analysts because we believe that value 
trade-offs are one of the main components of high-quality decision making (Hammond et al., 
2015). This requires the existence of some form of identifiable ‘value’ to begin with. As 
research turns to simpler choice heuristics, I argue that deviations from normative models are 
not a knockout argument against them. Rather, by knowing how people behave, we can identify 
leverage points for the prescriptive potential of DA (Morton & Fasolo, 2009). To incorporate 
how people really behave, decision analysts must take the step towards more process-related 
studies of decision making (Chapter 5).  

Thus, I agree with several arguments of Frisch & Clemens’s paper (1994), which calls 
in its title to rethink BDR. They state that it is indeed useful to compare real behaviour against 
a standard. Even though they are more critical than me of the traditional expected utility 
approach, I further agree with their argument that ‘good’ decision making should be identified 
from the process, rather than the outcome. Baron & Hershey (1988) argue that, so far, there is 
often outcome bias in decision evaluations. In general, decision outcomes can be subject to 
chance and are thus not necessarily an indicator of the correct process. It is logical to assume, 
however, that ‘good’ decision-making processes will oftentimes lead to better outcomes. 
Research about the decision-making process itself, and related topics, such as decision 
strategies and process-tracing techniques, will be covered in Chapter 6. Question 3 at the end 
of Chapter 3 concerns the normative concept of value in the light of descriptive realities. A 
related issue is the need to think about optimality from a new perspective. What can be 
considered ‘optimal’ in a world, where agents do not conform to traditional rational theories of 
behaviour, and where many MA choices lack dominance structures5?  

  

 
5 Some recent studies suggest that the prevalence of dominance structures in real-world datasets might be higher 
than previously assumed (e.g. Martignon & Hoffrage, 2002; Baucells et al., 2008; Simsek, 2013). 
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5.  Choice Quality in the Subjective Realm of MCDM 
 
 

Traditionally, normative models are the benchmark to which behaviour is compared to 
assess ‘optimality’. The subjective realm of MA choices is a particularly difficult context in 
which to evaluate choice quality. The difficulty is entailed in the previously discussed fact that 
often attributes conflict, and that there might be no dominating alternative in the choice set. 
Consequently, decision analysts must evaluate subjective preferences. Descriptive research 
sheds doubt on some of the axioms and assumptions, which are the very foundation of 
normative models like MAVT (Dyer, 2016). Regarding ‘rationality’, Nobel laureate Daniel 
Kahneman (1994, p.18) points out “the status of this assumption is […] of considerable 
interest”. Next, I will discuss implications for the use of concepts like ‘value’, ‘attribute 
importance’, and ‘optimality’, which are essential for any effort to approach assessments of 
choice quality in realistic decision settings. 

 

5.1 Implications for the Concept of Value 
 

 The preference construction perspective proclaims that people may not have underlying 
preference structures (Slovic, 1995). This indirectly challenges the concept of ‘value’ itself. 
Fischhoff (1991) overviews several interpretations of ‘value’. He regards the different notions 
as positioned on “a continuum of philosophies (ibid., p.835)”. Constructive and traditional 
viewpoints of preference embody the extreme points of this continuum resulting in a choice of 
paradigms. Overall, this discussion raises questions about the general application of the ‘value’ 
concept and its measurement. Any traditional approach to decision making, which is based on 
the idea to model and quantify preferences, appears to rely on the assumption that there is true 
preference and value in the first place. But is that really the case (Roy, 1993)?   

Jonathan Baron (2003) addresses some arguments of Fischhoff’s paper. He argues that 
the concept of utility is still intact, despite distortions such as the empirical evidence on 
preference reversals or the range insensitivity bias. In his view, such deviations from a 
normative standard should not per se be interpreted as knockout argument against the use of 
these models. Instead of dismissing the whole idea of true values, such anomalies can rather be 
interpreted as exemplary illustrations of failures to converge to true, underlying value functions. 
From this viewpoint, descriptive evidence might even be regarded as an emphasis on the 
importance of models like MAVT, which have a prescriptive potential at their disposal to enable 
DMs to overcome behavioural biases. This argument is not only stated by decision analysts 
(Morton & Fasolo, 2009), but by some psychologists as well (e.g. Jonathan Baron; Frisch & 
Clemen, 1994). 

I agree with Baron’s point. He argues that the concept of ‘value’ would only become 
meaningless when preferences were almost exclusively constructed, and if it was impossible to 
enable DMs to overcome deviations from normative models. But that seems unlikely, as 
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research shows that through means such as intervention or facilitated modelling (Franco & 
Montibeller, 2010), it is possible to achieve ‘better’ decisions. For instance, the range 
insensitivity bias appears to be reduced through use of appropriate weight elicitation techniques 
(Section 4.3.2). Also, there is evidence that increasing the salience of biases to the DM, can 
help to attain results closer to the normative expectation (Pöyhönen & Hämäläinen, 2000). Most 
researchers agree that people have relatively stable, underlying values for all kinds of products 
and situations, even though they do change at times (Bettman et al., 2008; Simonson, 2008). 

 

5.2 Implications for the Concept of Attribute Importance 
 

The concept of ‘attribute importance’ is of interest to this thesis, as it is one of the key 
considerations during the MAVT procedure. Within MAVT, attribute importance is expressed 
in the attribute weight, the scaling factor that is used to aggregate all marginal value functions. 
As shown in Chapter 4, the consideration of attribute ranges is essential for weight elicitation 
from a decision analyst’s perspective. Yet, I have presented varying interpretations of ‘attribute 
importance’. Psychologists like Goldstein (1990), while being aware that local context should 
matter for relative attribute importance, note that people also refer to more general attitudes. 
Thus, DMs may either select one of the approaches, or create their perception of relative 
attribute importance based on a function that incorporates both interpretations (Fischer, 1995). 
Van Ittersum et al (2007) review the concept of ‘attribute importance’ and its measurement. 
They trace the lack of validity across the most common weighting methods to argue for the 
multi-dimensionality of attribute importance. 

I agree with Fischer that general attitudes towards attributes exist and are used as a basis 
for further evaluation. However, I think the magnitude to which local context matters for 
relative attribute importance is generally understated. From a DA viewpoint it is perplexing to 
see people willingly respond to questions about general attitudes towards certain criteria, as if 
they would represent the essential argument for subsequent choice behaviour (Belton & Gear, 
1997). For instance, no matter how important you generally regard ‘price’, its relative attribute 
importance should almost solely depend on the specific local choice context. In particular, the 
range of prices that are present in the decision problem. 

Notice how and why attribute ranges also relate to the concept of value trade-offs. 
Attribute weights should decrease when corresponding attribute ranges decrease. The attribute 
weights represent a scaling factor that inherits information about the ratio at which one should 
engage in value trade-offs among those criteria. Thus, even when an attribute seems important 
for you, the smaller its range gets relative to the ranges of other attributes, the more inclined 
you should be to trade-off for some of that potential. The potential is embodied in the small 
range of that attribute, as compared to the relatively larger possible gain that one can still realise 
along the ranges of other criteria. Baron (1986) transfers this argument to protected values 
(Baron & Spranca, 1997). Protected values are characterised by the fact that people do not want 
to engage in value trade-offs with them. For instance, many people think that no amount of 
money is worth human life (ibid.). Thus, they categorically reject to trade-off a decrease in the 
life dimension against an increase in monetary worth. However, putting this to extremes one 
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might ask if a one billion € policy, which will result in an estimated 0.0001% chance to save 
one human life would be worthwhile. Baron argues that there is a point, where the preference 
will dip towards the monetary saving, thus implying that there is willingness to trade-off life 
under certain conditions. The take-away from this critical discussion on ‘attribute importance’ 
is that the consideration of the local decision context is crucial. 

 

5.3 Implications for the Concept of Optimality in a MA Choice Context 
 

There exist numerous opinions on how deviations from normative models impact the 
concepts of ‘rational behaviour’ and ‘optimal choices’. First, it shall be noted that evidence like 
the range insensitivity bias violates the axiom of invariance. According to Tversky & 
Kahneman’s hierarchy of normative rules, invariance represents an essential characteristic for 
normative models (Tversky & Kahneman, 1986). Thus, I want to discuss how to go ahead from 
here. One of the classical properties to judge ‘rationality’ is consistent behaviour (Kahneman, 
1994)6. According to that view, the content of value and preference is not important, but 
internal coherence matters (ibid.). An additional approach, apart from consistency, to evaluate 
optimal choice could be to refer to a criterion that “is external to the system of preferences” 
(ibid, p.20). Likewise, Brandstätter et al (2006, p.429) argue that “when analyzing preference 
judgments in prescriptive terms, one quickly enters muddy waters because, unlike in inference 
tasks, there is no external criterion of accuracy”. Kahneman states that an external criterion 
should focus on evaluating choices as they occur, rather than how they are perceived at the time 
point of the final decision. He used this line of thinking to study how well people predict future 
tastes (Kahneman & Snell, 1992).  

Below I summarise the main points relevant for this thesis: Kahneman recommends to 
not solely rely on consistency measures when assessing rationality regarding preferences, and 
he sees benefit in evaluating choices as they occur, with help of substantive criteria. Within 
BDR, consistency checking belongs to the essential steps for any MCDA procedure (Morton & 
Fasolo, 2009). However, there seems to be a lack of application of process-related measures 
like the ones suggested by Kahneman (Franco & Hämäläinen, 2015). Instead, ‘goodness’ is 
often evaluated by consistency of choices with value models and measures of preference 
stability (e.g. Lienert et al., 2016). I believe preference stability is a useful property, but it is 
also a consistency measure. Following from this, I see great potential in the development and 
application of process-related measures for BDR and related fields like Behavioural 
Operational Research (BOR; Hämäläinen et al., 2013; Franco & Hämäläinen, 2015). 

Choice quality is a matter of concern in many research fields, such as Management 
Science (MS), Operational Research (OR), Psychology, and Marketing. “At the bottom line, 
the question of decision quality is the essence of decision sciences” (Keren & de Bruin, 2003, 
p.347). Assessments of choice quality become a matter of debate when there is an absence of 
dominating choice alternatives in the set (e.g. Lee & Lee, 2004). Keller & Staelin (1987, p.201) 
argue that to determine an ‘optimal’ choice, either “a universally accepted standard of what is 

 
6 Even though there are also contrary statements about the validity of that approach (Arkes et al., 2016). 
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best”, or a measure how DMs should ideally evaluate choice alternatives is required. MAVT 
provides a standard, in my opinion, of how or how not to (e.g. attribute range consideration, 
value trade-offs) evaluate choice information during the decision-making process. 

Following the above recommendations, I present an overview of measures of ‘goodness’ 
for decisions from OR, MS, Psychology, Marketing and Management literature in Table 5.3.1 
(see also Aksoy et al., 2011)7. It displays information about subject area, type of task, measure 
for accuracy, and classification into consistency and other measures for every article. To pool 
the papers, I conducted a search using Google Scholar and EBSCO. The search terms were 
‘choice/decision quality’, ‘choice/decision accuracy’, and ‘choice/decision effectiveness’. 
After I selected journals from Marketing, Psychology and MS/OR literature, the search yielded 
30 papers. I used selective reading and referenced papers to add and delete publications 
according to relevance and citations, which eventually resulted in the 20 publications, which 
are presented in Table 5.3.1. I stress that of course not all relevant papers for this review will 
feature these search terms in their title or abstract. However, I have become familiar with much 
of the relevant key literature, and I am aware of no study to which the findings do not apply.  

 
Source 

 
Task Type 

 
Accuracy Measure 

 
Consistency 
Measure? 

Marketing 

Klein & Yadav, 
1989 

MA choice - Comparison of actual choice with 
highest utility choice 

Yes 

Hahn et al., 1992 MA choice - Proportion of satisfactory attributes 
(actual vs. expected) 

Yes 

 
Häubl & Trifts, 

2000 

 
MA choice 

- Selection of non-dominated option 
- Avoidance to switch choice 

- Subjective decision confidence 

No 
Yes 
No 

 
Olson & Widing, 

2002 

 
MA choice 

- Comparison between actual and best 
choice 

- Selection of non-dominated option 

Yes 
 

No 

Lee & Lee, 2004 MA choice - Selection of dominating option No 

Lurie, 2004 MA choice - Selection of dominating option No 

Business & Economics 

DeShazo & 
Fermo, 2002 

MA choice - Variance of the error term in a random 
utility model 

Yes 

 
7 Boundary conditions for when decisions can be optimised are further given in Klein (2002: Table 7.1). 
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Sonntag, 2015 MA choice - Comparison with linear and 
lexicographic utility model 

Yes 

Meissner & Wulf, 
2014 

Questionnaire - Subjective self-report of decision 
quality 

No 

Psychology 

Creyer et al., 
1990 

MA choice - Comparison with weighted additive 
value model 

Yes 

Coupey & 
Narayanan, 1996 

MA choice - Comparison of actual choice with value 
model 

Yes 

Timmermans & 
Vlek, 1996 

 

Evaluation & 
Ranking 

- Attitudinal criteria: 
difficulty, confidence, satisfaction 

- Processing criteria: 
selectivity 

- Ranking stability 

No 
 

No 
(process) 

Yes 

Fiedler & Kareev, 
2006 

Contingency 
based binary 

choice 

- Expected value model Yes 

Swaab et al., 
2016 

Evaluation & 
Ranking 

- Comparison with a priori rankings No 

MS/OR 

Barron & Barrett, 
1996 

Simulation study - Comparison with MAVT-based value 
model 

Yes 

Gonzalez & 
Kasper, 1997 

MA choice - ‘Closeness’ to the dominant option No 

Raghunathan, 
1999 

Simulation study - Decision quality = (1- absolute 
difference of output probability and 

belief) 

Yes 

Williams et al., 
2007 

MA choice - Selection of dominant option No 

Davern et al., 
2008 

Case study  - Diagnosing decision quality 
methodology 

No 
(process) 

Korhonen et al., 
2018 

MA choice - Selection of non-dominated options No 

5 - Table 5.3.1: Overview of choice quality measures in the academic literature 
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 MCDA research “is typified by the fact that no absolutely correct decision exists beyond 
that which is most satisfactory to the decision maker. That is, correctness of the decision 
typically is a subjective matter rather than an objective one” (Williams et al., 2007, p.474). 
Thus, most studies rely on one or a combination of the following measures: Consistency 
measures (preference-dependent measures: Aksoy et al., 2011), which focus on the coherence 
of decisions. For this, observed choices are usually compared to the recommended choice of 
the elicited value model, which represents the DM’s preferences. There are 12 papers in Table 
5.3.1 that compared coherence to a type of value model and only three of those studies used a 
combination of consistency and other measures to evaluate decision quality. Preference-
independent measures compare choices to a dominance structure within the choice set that 
signals better from worse decisions (Aksoy et al., 2011). 16 out of 20 papers in Table 5.3.1 used 
consistency or dominance measures to evaluate decision quality. The problem with dominance 
structures is that dominating options are often unavailable in real-world choice scenarios (Lee 
& Lee, 2004; Bruch & Feinberg, 2017). Thus, I will not use such a measure to increase the 
realism of my work. 

According to a review by Aksoy et al (2011) and a discussion of Timmermanns & Vlek 
(1996), other measures can be classified into attitudinal measures and information-processing 
measures. Attitudinal measures such as choice satisfaction and choice confidence are subjective 
and usually based on self-reports. While there are arguments for the validity of subjective 
measures in the literature (ibid.), I argue for their dismissal on the grounds of previous criticisms 
(Podsakoff & Organ, 1986; Schwarz, 1999; accountability: Lerner & Tetlock, 1999) and the 
tendency within MS and OR literature to utilise more objective measures (Korhonen et al., 
2018). Finally, there are information-processing measures. This group best represents 
Kahneman’s call to evaluate choices while they occur. From the publications in Table 5.3.1 
only two explicitly utilised a process-related measure (Timmermans & Vlek, 1996; Davern et 
al., 2008). Timmermans & Vlek followed an information-processing approach. The 
information-processing viewpoint is a term coined by Bettman (1979) and utilised by 
psychologists to collect data during the choice process to assess properties like processing effort 
and selectivity of information acquisition (Lurie, 2004). Davern et al (2008) developed a 
decision quality methodology in an organisational context. However, as Dean & Sharfman 
(1993) point out, the organisational context is not of particular interest for BDR because we 
tend to focus on the individual DM level. 

Overall, my review of measures of ‘goodness’ emphasises a lack of process-related 
measures in the MS/OR literature. This gap aligns with my belief that MA choices should be 
judged on the quality of the underlying decision-making process (Henig & Buchanan, 1996). 
Psychologists research and describe processes utilising a variety of concepts like ‘information-
processing measures’, ‘decision/choice strategies’, and ‘process-tracing’ that should embody 
great potential for MS/OR literature as well. Therefore, I will introduce a concept for process-
related measures in Chapter 7 that will be based on a fundamental principle of MAVT (attribute 
range sensitivity). In support of this approach, Coupey & Narayanan (1996, p.720) state that in 
problem-solving domains, which are concerned with good choices, strong methods utilise 
fundamental principles. Lastly, before closing this discussion of the influence of descriptive 
research on central concepts of normative models, I refer to the broader context of this thesis.  
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Decision making is subjective and often involves conflict in the real-world, which 
cannot easily be resolved by referring to dominance structures. Consequently, it appears 
appropriate to evaluate the quality of MA choices in terms of coherence with the value model. 
Despite this consistency approach, researchers have long argued for process-oriented 
procedures (Simon, 1986). Thus, judging quality of choice from the decision-making process 
appears to be a new and promising avenue for MS/OR (‘path dependence’: Hämäläinen & 
Lahtinen, 2016). However, the subjectivity of human decision-making behaviour implies that 
different people will likely follow different processes8. Research indicates that there is no 
absolute best approach, which could be considered optimal regardless of circumstances (Payne 
& Bettman, 2004). In fact, throughout this thesis I have emphasised how crucial the local 
context of a choice problem is. Thus, ‘optimality’ has a “conditional nature” (Einhorn & 
Hogarth, 1981, p.55). Additionally, Simon (1986) states that any behaviour is grounded on a 
set of motivations and objectives. Consequently, differences about the notion of ‘rationality’ 
between psychologists and economists should refer to the conception of what constitutes 
‘rationality’. “The judgment that certain behaviour is “rational” or “reasonable” can be reached 
only by viewing the behaviour in the context of a set of premises” (ibid., p.210). These premises 
are subject to the ‘bounded rationality’ concept, which implies that research should extend their 
focus from ‘substantive’ to ‘procedural rationality’ (ibid.).  

In agreement with Kahneman, a procedural view of optimality demands to observe 
choices directly while they occur. I will abstain from focusing my analysis solely on choice 
strategies, which are regarded as normative. I will utilise information-processing measures from 
the psychologic literature, but I will discuss them from a DA viewpoint. Furthermore, to 
evaluate a choice process as ‘good’, I will consider how well decision strategies are actually 
executed with regards to normative standards. Klein (2002, p.118) states that “the concept of 
optimization only makes sense in the context of the methods used. It is not enough to follow 
the prescribed methods. They must be followed well. Decision makers, however, rarely have 
guidance to determine if they are following the steps well”. In summary, the judgment about 
the ‘goodness’ of a decision-making process might depend more on how well a decision 
strategy is executed, rather than what particular strategy is chosen. This line of thinking is 
supported by research about the ‘adaptive decision maker’ (Payne et al., 1993; Senter & 
Wedell, 1999; Bröder & Schiffer, 2006; Meißner et al., 2020) who was shown to intelligently 
adjust his decision strategies relative to the choice context. There are conditions, however, when 
adaptive use of decision strategies may fail and thus lead to the inability for appropriate strategy 
execution (Payne et al., 1993, p. 214f; Payne & Bettman, 2002, p.140f; ‘sticky adapters’: Levav 
et al., 2012). I hope to contribute to the study of these conditions.  

 
 

 
8 In a recent paper, Pajala (2019) incorporates other psychological measures such as decision style (Hamilton et 
al., 2016) and cognitive reflection (Frederick, 2005) to the study of MCDM, which take account of individual 
differences in decision-making in another way than analysing and comparing the use of decision strategies. 
According to Juanchich et al. (2016, p.52), “individual differences in the ability to engage in cognitive reflection 
are one of the most important predictors of normative decision-making performance”. Decision style and cognitive 
reflection are used to assess if a DM is generally more intuitive or rational in behaviour (Pajala, 2019).   
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6.  Decision-making Processes 
 
 

Next, I will take a closer look into the study of how choices are made; the decision-
making process. I will introduce what decision/choice strategies are, and by which goals the 
adaptive selection of decision strategies is guided. Also, process-tracing techniques, which are 
utilised to collect choice-processing data, will be reviewed, together with a discussion of how 
such data has been analysed previously.  

Following from the arguments of Chapter 5, the evaluation of decision-making 
processes represents a major resource to assess choice quality. Within OR practice, Hämäläinen 
et al (2013, p.623) have recently noted “that behavioral research on the process itself and on 
the analyst and problem owner has been almost completely ignored”. This realisation led to the 
‘resurgence’ of interest on behavioural issues and the foundation of the BOR discipline (Franco 
& Hämäläinen, 2015). “OR operates in a subjective and inter-subjective world where behaviour 
and human factors are crucially important to address” (White, 2016, p.828). However, these 
factors have so far been mostly considered through soft OR (ibid.), while hard, experimental 
research on how people use models during their decision-making is rare (O’Keefe, 2016). In 
that sense, this thesis describes one of the first research projects which focuses on human 
behaviour with models, specifically to what extent humans are capable to employ the decision 
strategies that will be introduced later in this chapter.  

The traditional way to analyse choice behaviour in a variety of fields, such as OR, 
Economics and Marketing, is to use outcome-based approaches like discrete choice analysis 
(Train, 2009; Li & Hensher, 2017). Historically, process data has often played a subordinate 
role (Schulte-Mecklenbeck et al., 2011a) in research on judgment and decision making, but 
recently process-tracing has emerged as a second paradigm within the field (Reisen et al., 2008; 
Oppenheimer & Kelso, 2015). I have previously argued how the introduction of process-based 
measures may enrich the MS/OR literature by being able to assess choice quality from data 
collected whilst choices are occurring. This approach is interesting because humans utilise 
different decision strategies when faced with choice situations (Beach & Mitchell, 1978). 
Decision strategies may be sophisticated with respect to primary measures of information-
processing behaviour (Luce et al., 1997). I will discuss these measures together with the key 
question of how DMs select decision strategies (Payne & Bettman, 2004). To achieve this aim, 
the chapter will moreover refer to an effort-accuracy framework that is assumed to lead this 
selection process (Johnson & Payne, 1985). I will discuss different methodologies, called 
process-tracing techniques, which are used to ‘trace’ the DM’s choice approach (Schulte-
Mecklenbeck et al., 2011b). In summary, I will introduce and review the main components of 
the psychological study of decision-making processes.  
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6.1 Overview of Decision Strategies 
 
 A decision strategy can be thought of as a sequence of operations, which is used to 
derive a solution from the problem space (Payne et al., 1993). Decision strategies can be 
distinguished on the grounds of a variety of properties, such as if they consider aspects like 
relative attribute importance or cut-off values (ibid.). Also, strategies often differ in their 
selectivity regarding information that is relevant to execute it (Shah & Oppenheimer, 2008). 
Later, I will discuss this in detail when referring to three measures of information-acquisition 
behaviour.  
 

Following common sense, one would expect a DM to choose upon a different set of 
goals when faced with a choice of a chocolate bar versus a choice of a luxury vehicle. While in 
the first case the choice may sufficiently be approached by considering the basic benefits of 
consumption, the latter choice context encompasses a wider array of impacts. Thus, the second 
context is more consequential and long-term oriented. Indeed, research about adaptive decision 
behaviour has shown that DMs adjust their choice strategy rather intelligently with regards to 
surrounding task- and context-factors (Payne et al., 1993; Senter & Wedell, 1999; Meißner et 
al., 2020; but see Bröder & Schiffer, 2006 for maladaptivity and Levav et al., 2012 for sticky 
adapting9). From a recent bulk of psychological research in the fast-and-frugal heuristics 
paradigm (review: Marewski et al., 2010; Katsikopoulos et al., 2018), it is now widely accepted 
that humans possess a set of “cognitive mechanisms” that help deal with a variety of decision 
tasks (Gigerenzer & Todd, 1999, p.30). Gerd Gigerenzer refers to this as the ‘adaptive toolbox’ 
(ibid.). According to Bröder & Newell (2008, p.211), research in that paradigm (mainly on 
inferences: Rieskamp & Hoffrage, 2008) adds to the original work on adaptive MA decision 
making, which focused on preferences (Payne et al., 1993). The contents within the adaptive 
toolbox enable DMs to flexibly employ different decision strategies to deal with the whole 
range of possible decision contexts. The available repertoire of an individual may depend on 
his cognitive ability, experience, and training (Payne et al., 1993). For instance, Larrick et al 
(1990) showed that formal training can impact strategy selection, and even led to an increased 
use of more ‘normative’ rules.  

 
Before examining decision strategies, I state some general characteristics of decision 

processes, as discussed by Payne et al (1993, p.23). One of the major sources of difficulty in 
MCDA is conflicting values. Regarding this conflict, decision strategies can either confront or 
avoid solving it (Hogarth, 1987). To confront the conflict, a strategy should consider and 
resolve value trade-offs of conflicting attributes. Conflict-avoiding (non-compensatory) 
strategies do not consider value trade-offs but follow other heuristic approaches to derive a 
solution. Research has shown that people sometimes use several decision strategies in 
combination, rather than limiting themselves to a single approach throughout the decision 
process (Gilbride & Allenby, 2004; Reisen et al., 2008; Shi et al., 2013). For instance, in a 
complex decision context, DMs may start with a heuristic that uses the partial elimination of 
alternatives to come up with a consideration set that is more convenient to handle. Here, they 
may switch to a compensatory approach that employs more thorough decision-processing to 

 
9 Some research indicates that initial decision strategies may persist in subsequent decisions. This is coined ‘sticky 
adapting’ by Levav et al (2012, p.596).   
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evaluate the remaining choice options (Gilbride & Allenby, 2004, p.392; Payne & Bettman, 
2002, p.128). Furthermore, the cognitive effort to execute a strategy, and a strategy’s accuracy 
varies over the whole set of potential choice strategies and decision environments (Johnson & 
Payne, 1985), as shown in Figure 6.1.1. The y-axis indicates higher accuracy for strategies 
located closer to the top of the graphic, while on the x-axis, strategies that require less effort 
are located to the right. The schematic representation is based on simulation results of Payne & 
Bettman (2002) for two distinct decision environments. Noteworthy is that, in some contexts, 
heuristics are capable to provide high accuracy while reducing cognitive effort substantially 
(ibid., p.135). However, the most efficient heuristic does not remain constant across 
environments10, while normative strategies like the Weighted Additive Rule (WADD) are 
robust in terms of decision accuracy (Shah & Oppenheimer, 2008). Next, I introduce some well-
known decision strategies, before discussing the topic of choice strategy selection. 

 
1 - Figure 6.1.1: Effort & accuracy of selected decision strategies (Payne & Bettman, 2002) 

 
 

Decision strategies in the psychological literature are classified into two groups: 
Compensatory and non-compensatory rules (Bruch & Feinberg, 2017). Despite considering 
the compensatoriness of strategies, there are several other properties that can be used for 
classification purposes (Riedl et al., 2008: Table 1). A decision strategy is compensatory if a 
bad performance on one attribute can be compensated by a good performance on another 
attribute. This concept is also found in MAVT, which was previously discussed. MAVT 
aggregates a total score for each alternative by considering the marginal values across all 
attributes relative to the scaling factor of each criterion. Thus, bad performance levels on a 
subset of attributes can be compensated depending on the relative attribute importance of the 
criteria. Decision analysts prefer compensatory strategies because the possibility of 

 
10 See for example the lexicographic rule (LEX), which was the most efficient heuristic in Environment 2 but not 
in Environment 1. 
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compensation implies balancing good versus bad performance levels, which resembles the 
consideration of value trade-offs. However, some academics proclaim the fast-and-frugal 
heuristics paradigm, which is based on simpler strategies, and accumulate evidence for their 
efficiency (Marewski et al., 2010; Katsikopoulos et al., 2018). For instance, Katsikopoulos 
(2011) coined the term psychological heuristics for models for making inferences that 1) are 
based on psychological capacities; 2) do not necessarily require the consideration of all 
available information; 3) use simple computations (e.g. ordinal comparisons and un-weighted 
sums; Keller & Katsikopoulos, 2016) and, 4) are easy to apply and explain.  
 

The compensatory decision strategy, which best represents the normative rule of rational 
choice, and thus the recommended choice of decision analysts (Luce et al., 1997) is called 
Weighted Additive Rule (WADD: see Figure 6.1.1). Just like MAVT, WADD looks at every 
available piece of attribute information for each choice option, together with corresponding 
attribute weight, to calculate an overall score for every alternative. The option with the highest 
score is selected. WADD is a conflict-confronting strategy that considers value trade-offs. Since 
its procedure is sophisticated in terms of computation, the associated cognitive effort for 
execution is relatively high (Shah & Oppenheimer, 2008; for different accounts: Bröder & 
Newell, 2008; Glöckner & Betsch, 2008). In exchange for the high degree of necessary effort, 
the accuracy of the resulting choice should cohere well with normative deliberations. A 
simplified special case of WADD is the Equal Weight Heuristic (EQW). EQW follows a 
similar procedure to WADD except that information about relative attribute importance is 
ignored. This assumes that all attribute values can be measured on a common scale (Payne et 
al., 1993). EQW is sometimes also referred to as Tallying (Keller & Katsikopoulos, 2016). Also, 
there exist additional proposals for decision strategies, which are located between WADD and 
EQW with respect to what weights are used in the procedure. Examples are choice approaches 
based on rank order weights (e.g. Barron & Barrett, 1996; Sarabando & Dias, 2009; Ahn, 2011). 

 
Next, there are classical non-compensatory heuristics like the Lexicographic Strategy 

(LEX: Fishburn, 1974), Elimination by Aspects (EBA: Tversky, 1972), and Least Important 
Minimum Heuristic (LIM: Riedl et al., 2008) that use attribute weights during their procedures 
(ibid.). Some decision strategies from the fast-and-frugal paradigm can also be categorised here. 
For example, the Recognition Heuristic (Goldstein & Gigerenzer, 2002) falls into this class of 
decision strategies (Todd, 2007), as well as Take the Best (Bröder, 2002). Both strategies can 
be regarded as lexicographic (Katsikopoulos, 2011). The group of LEX rules is characterised 
by the fact that the first step in the procedure is to identify the most important attribute11. 
However, since decision strategies are psychological concepts that focus on description of 
human behaviour, there is seldom emphasis on how these attribute weights are computed. From 
Chapter 4, we know that in that case global or local representations of relative attribute 
importance are two possible avenues (Goldstein, 1990). The classical LEX procedure does not 
distinguish between these two but prescribes that after the most important criterion has been 
identified, the next step is to scan all performance levels on that attribute. If there exists a best 
or ‘clearly best’ (depending on if a just-noticeable difference is considered: Payne et al., 1993, 
p.26) performing alternative for this attribute, that option is selected. In case there is a tie, the 

 
11 The recognition heuristic is as an exception as it is based on ignorance (Todd, 2007). 
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process moves to the second-most important attribute to detect a winning alternative, and so 
on. The procedure continues until one alternative is selected (ibid.).  

 
EBA, like LEX, also begins by determining the most important attribute. According to 

Payne et al (1993), Amos Tversky, the advocate of EBA, thought that the most important 
attribute is identified probabilistically; that means as a function of its relative importance. Next, 
the DM sets a cut-off value for that criterion or ‘aspect’, and subsequently all alternatives that 
fail to meet the cut-off level are eliminated. The process continues likewise with the second-
most important attribute, and so on, until only one alternative remains. The procedure of LIM 
is based on the identification of the worst performance level of each alternative in the 
consideration set. Afterwards, the notion of relative attribute importance is used to determine 
the option with the ‘least important’ bad value (Riedl et al., 2008). That alternative is selected. 

 
On the Macro-level (ML), heuristics that do not explicitly consider attribute importance 

can be considered a third class of decision strategies. The arguably most famous strategy in this 
group is the Satisficing Heuristic (SAT: Simon, 1955), which rests on the ‘bounded rationality’ 
viewpoint. The idea behind this heuristic is the assumption that DMs cope with the inherent 
limitations of their cognitive systems by striving towards satisfactory choices, rather than 
maximising ones. Within the SAT procedure this is implemented by setting cut-off values for 
all attributes. Alternatives, which do not satisfy the defined aspiration level on an attribute are 
eliminated. The first alternative with performance levels exceeding all cut-off levels is selected. 
In case there exists no satisficing option, aspiration levels may be decreased and the process 
repeated (Payne et al., 1993).  

 
Another strategy in this group is the Majority of Confirming Dimensions Heuristic 

(MCD: Russo & Dosher, 1983). MCD is a simplifying decision strategy, which processes 
alternatives in a pairwise manner. When considering a pair of options, values on all attributes 
are compared. The choice alternative with more ‘winning’ attributes is retained in the decision 
process and contrasted with the next option. These pairwise comparisons are taken out until all 
choice alternatives have been considered. The final winning alternative is selected (Payne et 
al., 1993). Lastly, I introduce the Frequency of Good and Bad Features Heuristic (FRQ: Alba 
& Marmorstein, 1987). In contrast to other strategies, which simplify the cognitive effort of 
processing by considering attribute information selectively, FRQ simplifies the decision-
making process by looking at every piece of information “at a very shallow level” (ibid., p.24). 
In fact, its idea is to only distinguish ‘good’ from ‘bad’ features and employ a subsequent voting 
rule to identify the alternative with the highest score (Payne et al., 1993). It is necessary to 
define what constitutes a ‘good’ feature (e.g. by use of aspiration levels), consequently there 
are many potential variations of FRQ (ibid.). I summarised the process of each presented 
decision strategy in Table 6.1.1. 
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Decision Strategy 
 

Process Summary 
 

WADD 

- consider all performance level information on every alternative 
- assign marginal value to every performance level 
- assign weight to every attribute  
- aggregate scores into an overall value for every alternative 
- select alternative with highest value 

LEX 
- identify most important attribute for the decision 
- scan performance levels for that attribute 
- select alternative with highest performance on that attribute 

EBA 

- identify most important attribute for the decision 
- define cut-off value for that attribute 
- eliminate alternatives that do not meet the cut-off value  
- if more than one alternative remains, proceed with next attributes until only 

one alternative remains 
- select alternative that remains 

LIM 
- identify worst performance level for every alternative 
- assign weight to every attribute 
- select alternative with ‘least important’ bad value 

SAT 
- define cut-off values for every attribute 
- scan performance level information for one alternative at a time 
- eliminate alternatives that do not meet the cut-off values 
- select the first alternative that satisfies all cut-off values 

MCD 

- compare two alternatives at a time 
- keep the alternative that wins the pairwise comparison on more attributes 

(‘winner’), eliminate the other alternative 
- compare one of the remaining alternatives with the ‘winner’ 
- repeat process until all alternatives have been compared 
- select the ‘winner’ alternative 

FRQ 
- define ‘good’ and ‘bad’ features  
- tally up the frequency of ‘good’ and ‘bad’ features for every alternative 
- select alternative with highest score 

6 - Table 6.1.1: Process summaries for selected decision strategies 

I want to comment on my selection of decision strategies in this overview. It is not 
feasible to introduce all available strategies in this thesis due to their sheer quantity in the 
academic literature. I thus focus on decision strategies that are: (1) well-known, (2) occur in 
relevant studies and contexts, and (3) whose procedure can be translated in a set of 
‘characteristic patterns’. The first two arguments are useful to evaluate what decision strategies 
suit the experimental setting of Chapter 8, as well as to compare performances to previous 
research. Recent examples, which used comparable sets of strategies during analysis include 
Riedl et al (2008), Rieskamp & Hoffrage (2008), Scheibehenne & von Helversen (2015), and 
Pfeiffer et al (2015). Other interesting approaches in the literature, such as choosing based on 
trade-off contrast (Tversky & Simonson, 1993; Bettman et al., 1998, p.191;) are excluded 
because they require different contextual structures to be applied. The third argument is the 
basic requirement needed to identify decision strategies from the experimental process data in 
Section 9.3.1.  
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6.2 Information Acquisition Behaviour and Strategy Selection 
 

I introduced several decision strategies, which I classified on the ML into three groups 
(Table 6.2.1): Strategies that follow a rational choice approach similar to MAVT (ML1), 
strategies that simplify but consider attribute importance (ML2), and strategies that simplify 
without referring to a notion of attribute importance (ML3). In this section I present the classical 
measures of describing information-acquisition behaviour from psychological literature, before 
moving to the review and discussion of the controversial topic of how DMs select decision 
strategies (Marewski et al., 2018).   

 In Luce et al’s (1997) paper three classical measures of information-acquisition 
behaviour are used to describe the properties of a set of decision strategies. They argue that 
those measures gather much of the variance in information-processing behaviour. I want to 
emphasise that the measures assume a pure execution of any choice strategy, which is in 
accordance with Table 6.1.1. In recent characterisations of decision strategies these measures 
continue to be used (Riedl et al., 2008), as well as in the data analysis of numerous related 
empirical studies (Creyer et al., 1990; Payne et al., 1993).  

The first measure is simply how much information is accessed by the DM during the 
decision-making process. A sophisticated decision strategy like WADD considers the 
performance levels of all attributes for every alternative in the consideration set, while a 
heuristic like SAT only acquires information until an alternative is found, which is 
‘satisfactory’. Unless this occurs only for the last alternative to be tested, SAT does not require 
the evaluation of every available piece of information.  

The second measure is to assess how selective or consistent information about 
alternatives and attributes is acquired. Information-acquisition is consistent, when a strategy 
processes the same amount of information for every alternative/attribute like in FRQ. On the 
other hand, LEX employs very selective processing, as it focuses on performance levels on the 
most important attribute.  

The last of the classical measures is the distinction between alternative- versus 
attribute-based processing. This relates to the pattern in which information is acquired from 
the alternative-attribute matrix. For instance, LIM utilises alternative-based processing. To 
identify the worst performance on each option, the DM must look up the information 
alternative-wise. In contrast, EBA processes attribute-wise. EBA aims to detect the 
performance levels on criteria, which violate defined cut-off values (Luce et al., 1997). The 
three classical measures can be supplemented with other indicators, such as the elimination of 
alternatives during the decision-making process (Riedl et al., 2008). This thesis plans to 
extend the classical information-processing approach by evaluating decision-making 
processes with process-based variables, which assess the consideration of attribute ranges.  
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Characteristic 

 
Decision Strategy 

Macro-
Level 1 

Macro- 
Level 2 

Macro- 
Level 3 

WADD LEX EBA LIM SAT MCD FRQ 

Exhaustive? Y N N Y N Y Y 

Consistent? Y N N Y N N12 Y 

Option-wise? Y N N Y Y N Y 

Weights? Y Y Y Y N N N 

Elimination? N Y Y N Y Y N 

7 - Table 6.2.1: Characteristics of selected decision strategies (Riedl et al., 2008) 

Table 6.2.1 presents an overview of the considered decision strategies, grouped 
according to five characteristics. Within the table, Y and N stand for ‘Yes’ and ‘No’. In top-
down order, Y states that processing is exhaustive, consistent, alternative-based, and that 
consideration of attribute weights, as well as elimination of alternatives, are part of the 
procedure. On the other hand, N stands for processing that is not exhaustive, selective, attribute-
based, and without consideration of attribute weights or elimination. Traditionally, decision 
strategies, which are more exhaustive, consistent, and alternative-based during information-
acquisition are regarded as more sophisticated and accurate (Payne et al., 1993). Partial, 
selective, and attribute-wise information-processing are properties employed by simplifying 
heuristics (Shah & Oppenheimer, 2008). Heuristics often utilise shortcuts during the decision 
process like the early elimination of choice options. As a result, they are cognitively less 
demanding to implement (ibid.). From Table 6.2.1, please note that WADD & LIM, as well as 
LEX & EBA, are mapped identically. This does, however, not imply that they are equivalent to 
each other, as can be seen from their process descriptions (Table 6.1.1). 

The overview in Table 6.2.1 leads us to question on what grounds people select decision 
strategies. Currently, the most popular account is that strategy selection follows an effort-
accuracy trade-off (Johnson & Payne, 1985), which is based on a mental cost-benefit 
framework that identifies the cognitive effort necessary to implement each decision strategy as 
a ‘cost of thinking’ (Shugan, 1980). Resulting from Simon’s ‘bounded rationality’ concept 
(Simon, 1955) there is only a limited amount of processing possible due to mental capacity 
constraints. Sophisticated decision strategies are often complex to implement (Shah & 
Oppenheimer, 2008). Thus, there follows a severe trade-off between effort and accuracy 
concerns when DMs select decision strategies. Indeed, empirical evidence of adaptive decision 
behaviour in support of this argumentation is available. A good example is Creyer et al’s article 
(1990, p.9), which reports that emphasising accuracy goals led subjects to utilise more 

 
12 MCD processes consistent across attributes, but selective across options. Since the ‘winning’ alternative is 
retained, some options will be processed more frequently than others. 
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exhaustive, consistent, and alternative-based processing approaches. Also, the relative accuracy 
increased. Similar evidence for a decision context, where effort reduction was highlighted is 
presented in Payne et al (1993, p.160ff). For instance, under the time pressure condition, people 
adapted towards faster, more selective, and relatively more attribute-based information-
processing behaviour. The authors argue that this implies the utilisation of decision heuristics.  

Several researchers subsequently transferred this line of thinking into efforts to create 
enhanced decision aids. The idea was to utilise the adaptivity of DMs to nudge them towards 
better decisions. Noteworthy is the research program of Peter A. Todd and Izak Benbasat (Todd 
& Benbasat, 1994, 1999, 2000). They published several papers, which evaluated the influence 
of Decision Support Systems on DMs decision strategy selection. A common trait in this work 
was that most interventions specifically aimed at the reduction of cognitive effort. From that 
period, there exists overall comparatively little research, which emphasises accuracy concerns 
(for exceptions: Creyer et al., 1990; Bettman et al., 1993). This was also around the time when 
Gigerenzer and his team started to popularise the fast-and-frugal paradigm (Gigerenzer & 
Todd, 1999). As stated, this research focuses predominantly on simple heuristics and the effort 
to detect heuristics within the adaptive toolbox that can compete with more ‘sophisticated’ 
approaches (Bröder & Newell, 2008, p.211). Fittingly, recent work has particularly addressed 
the use and efficiency of psychological heuristics for DA and BOR applications (Keller & 
Katsikopoulos, 2016). In DA, support for the effectiveness of heuristics is moderate, but success 
depends on the context of decision problems (Table 1: Katsikopoulos et al., 2018). Current 
evidence suggests that heuristics generally perform well when decision information is of 
insufficient quality to compute model parameters reliably or when there are dominance 
structures available (ibid., p.23).  

Evidence for heuristic’s efficiency can be broken down by task types: For inference 
problems such as judgment, forecasting and categorisation, such evidence has been 
accumulating particularly (Katsikopoulos, 2011, p.10). Let me demonstrate this with a brief 
and selective review of findings in the forecasting discipline. An important contribution are the 
early results from the so-called M-Competitions, in which the post-sample forecasting accuracy 
of numerous methods with varying complexity were compared objectively (Makridakis & 
Hibon, 2000). Interestingly, one theme the results suggest is that “elaborate theoretical 
constructs or more sophisticated methods do not necessarily improve post-sample forecasting 
accuracy over simple methods” (ibid., p.459). Goldstein & Gigerenzer (2009) conclude 
similarly that simple statistical forecasting rules may outperform more complex rules. For 
instance, a simple recognition-based rule was the best in predicting the future winner of a 
famous tennis tournament (Serwe & Frings, 2006). Graefe (2015) argues that in situations with 
small or unreliable datasets and numerous predictor variables, the attention should be on 
identifying all relevant variables rather than on estimating ‘optimal’ weights. His analysis 
support this. In the majority of US election-forecasting models between 1976 and 2012, in six 
out of nine cases, equally weighted predictors show lower forecast error than their regression-
weighted counterparts. Motivated by results such as the above, Green & Armstrong (2015) 
performed a comprehensive review of numerous comparisons between simple and complex 
forecasting methods. Their conclusion is clear: The summary states that “complexity beyond 
the sophisticatedly simple fails to improve accuracy in all but 16 of the 97 comparisons in 32 
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papers that provide evidence. Complexity increases forecast error by an average of 27 percent 
across the 25 papers with quantitative comparisons. In addition to accuracy, simple methods 
can increase understanding, reduce the likelihood of errors, and aid decision-makers.” (ibid., 
p.1684). One interesting mechanism how simple forecasting methods may achieve such 
efficiency was suggested by Katsikopoulos & Syntetos (2016). It is based on a bias-variance 
trade-off. The argument is that simple methods usually inherit higher bias but lower variance 
than more complex methods. Thus, forecast error, which is determined by both factors in equal 
terms, may be minimised through simple methods, despite their forecasts being biased. 

Evidence about the efficiency of simplified models in preference problems exists as 
well. Several examples have already been discussed in the previous chapters. For instance, 
within value-based approaches such as MAVT, research has been analysing the impact of 
simplified attribute weights. I discussed approaches based on rank order weights briefly in 
Section 6.1 (Barron & Barrett, 1996; Sarabando & Dias, 2009; Ahn, 2011). Simplifications can 
also occur during marginal value elicitation, where Stewart (1996) showed that interpolation of 
three to four points on the scale is often sufficient to deal with potential non-linearity issues 
(Section 4.2.1). The evidence is almost exclusively based on simulation studies, however 
(Katsikopoulos et al., 2018). The outranking methods, described in Section 2.3 as models for 
MCDM, can also be regarded as simpler than MAVT. In fact, this was one of the key 
considerations mentioned by their creators (PROMETHEE: Brans & Vincke, 1985). Overall, 
there is a long history of evaluating simplified versions of classical value based MCDM 
methods for preference tasks, even though the resulting evidence is less distinct than for 
inference/forecasting tasks and mostly based on simulation studies, rather than empirical 
experiments (Katsikopoulos et al., 2018).  

Now, I return to the fast-and-frugal paradigm. Despite its growing popularity, I see the 
necessity to summarise some critical reviews to provide a nuanced discussion. There exist 
concerns about the validity of findings regarding the adaptive toolbox. For instance, much of 
the appeal of fast-and-frugal heuristics depends on the assumption that they are cognitively less 
demanding to implement while still being capable to provide decently accurate results (Bröder 
& Newell, 2008). This would favour their usage according to the effort-accuracy trade-off 
account. While there is, as shown, evidence in support of this accuracy argument, Hilbig (2010, 
p.923) believes that the “empirical evidence is not as unequivocal as their reviews imply”. 
Furthermore, the second pillar of heuristic’s popularity, that compensatory strategies are always 
more burdensome to implement, has been weakened recently. For example, Glöckner & Betsch 
(2008) show that DMs are capable to implement a sophisticated strategy very quickly, if not 
hindered by the experimental procedure. They argue that the layout of the process-tracing tool 
Mouselab (Willemsen & Johnson, 2011) induces ‘deliberate decision processing’13, which may 
be more cognitively demanding. Hilbig (2010, p.928) argues “the issue of effort, in turn, applies 
only if strategies are used deliberatively”. A subsequent eye-tracking study, which mitigated 
these effects, found use of compensatory decision strategies even under conditions of time-
pressure (Glöckner & Herbold, 2011).  

Due to the slightly controversial nature of the decision strategy selection problem, the 
 

13 This is a term used to describe information integration in a serial manner. 
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Journal of Behavioral Decision Making recently decided to publish a special issue (Marewski 
et al., 2018) reflecting a variety of current viewpoints including the adaptive decision maker 
and the fast-and-frugal heuristics frameworks. From the contributions to that issue, it becomes 
clear that this topic has been of focal interest over the last 50 years and ideas and evaluations 
around this issue continue to emerge (Busemeyer, 2018). For instance, the issue addresses “new 
methods” (ibid., p.201) for decision strategy identification as well as “new models” for decision 
strategy selection and implementation (ibid., p.201). Examples for the former are the utilisation 
of Bayesian methods to identify strategies in the realm of causal reasoning (Shou & Smithson, 
2018) and the use of clustering algorithms to identify prevalent decision strategies (Brown et 
al., 2018). The algorithm does not require a priori candidate strategies, and thus can be used in 
exploratory fashion to detect formerly unreported decision approaches (ibid.). An example for 
the latter group is an article (Herzog & von Helversen, 2018), which investigates ‘strategy 
blending’ as an alternative and potentially advantageous approach to strategy selection. 
‘Strategy blending’ refers to the “blending of different strategies’ outputs into a joint, hybrid 
response” (ibid., p.233). Next, I will introduce process-tracing techniques.  

 

6.3 Overview of Process-Tracing Techniques 
 

To identify choice strategies and evaluate how well they have been employed it is 
necessary to collect data while the choices are being made. Methods used to collect process 
data are coined process-tracing techniques. Willemsen & Johnson (2011, p.22) argue that one 
of the advantages of process-tracing is the potential insight it provides about the heterogeneity 
of subjects. Within DA, usually we model preferences to incorporate subjectivity. Process-
tracing allows us to get insights into what people do during MA choices. This information can 
be used to identify suitable leverage points for prescriptive decision aid and future research. 

 
 Many early findings from process-tracing literature were reviewed by Ford et al 

(1989) 14 . Much research aimed to identify the conditions under which specific decision 
strategies are employed (ibid., p.113). This aligns well with the era, when research started to 
acknowledge and emphasise the adaptive decision behaviour of DMs. Note that in this thesis, 
I try to go one step further and analyse how well participants implement decision strategies. 
For instance, Bettman et al (1993, p.948) state “one area that has not yet been considered within 
our effort-accuracy approach is the precision with which individuals can execute strategies”. I 
could not identify prior research projects, which focused on this problem in the MA choice 
context. My approach will address this gap and inherits the potential to compare performances 
of prescriptive interventions in decision making, or groups of subjects with varying sets of 
characteristics. This type of study seems particularly interesting for BOR and DA communities. 
A recent review of BOR studies with an intervention focus from the last 30 years concluded 
that “one would expect a strong interest in studying the effects produced by individual 
differences. Yet the number of studies reviewed with this focus was small” (Franco et al., 2021, 
p.412). 

 
 

14 A recent review, which also discusses the new stream of neural techniques is provided by Zuschke (2020). 
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In the literature (Schulte-Mecklenbeck et al., 2011b; Schulte-Mecklenbeck et al., 2017; 
Zuschke, 2020) popular process-tracing techniques are classified according to several 
properties. For instance, in Schulte-Mecklenbeck et al’s book (2011b) decision strategies are 
distinguished into methods that trace information acquisition, information integration and 
evaluation, and lastly physiological and neurological processes. For this thesis, the first two 
groups of methods appear most interesting. The reason is that, according to Lurie (2004, p.475), 
“information acquisition can be used as a proxy for the amount of information processing, the 
amount of processing effort, and selectivity in processing”. While this may not be sufficient 
information to identify a particular decision strategy from the data at all times (Bettman et al., 
1993), I will narrow possible decision strategies down with regards to the three MLs mentioned 
previously (Table 6.2.1). Indeed, Glaholt & Reingold (2011, p.126) state that this information 
can be used “to infer the presence of certain decision strategies”. 

 
Furthermore, the analysis and interpretation of information acquisition data underlies 

two crucial assumptions (Costa-Gomes et al., 2001, p.1210), which can be empirically verified, 
about how information-search behaviour relates to cognitive processes (Willemsen & Johnson, 
2011, p.24). The first of them, occurrence, presumes the DM bases his selection in a MA choice 
on the information that he has previously acquired (in Mouse-tracking (MT) by opening cells; 
in Eye-tracking (ET) by gazing at it). The second assumption, adjacency, suggests that 
information use may temporarily be approximated by information acquisition. This 
hypothesises that due to cognitive limitations (e.g. working memory: Cowan, 2010) and low 
information-acquisition costs in the experimental procedure, choice information is (re) 
acquired, rather than hold in memory (Willemsen & Johnson, 2011). How to utilise these two 
assumptions for data analysis will be discussed later.  

 
Within the information acquisition group of process-tracing methods, the most popular 

tools are MT (Willemsen & Johnson, 2011), ET (Russo, 2011), and Active Information Search 
(AIS: Huber et al., 2011), while in the information integration and evaluation group it is Verbal 
Protocols (Think-aloud Methods: Fox et al., 2011). In subsequent work, Schulte-Mecklenbeck 
et al (2017) grouped process-tracing techniques into subject report, movement-based measures, 
peripheral psychophysiology, and neural techniques. Verbal protocol procedures were 
classified as subject report, and both, MT and ET, were members of the movement-based 
measures category. The authors did not include AIS in that overview. Reisen et al (2008, p.641) 
provides an additional argument for the selection of these four methods as he states that they 
are the most frequently used in the paradigm of interest. Next, I will introduce the procedures 
of AIS, Verbal Protocols, and MT & ET. Afterwards, I will compare and ultimately select the 
most appropriate data collection approach for this thesis. 
 

The essence of AIS (Huber et al., 1997; Huber et al., 2011) is to provide only the most 
basic information about a decision task and let subjects ask questions about what kind of 
information they need. Subjects are then given pre-prepared answers. This happens nonverbally 
to minimise reactivity. People may ask for pieces of information more than once, and at any 
time. The experimenter in the session takes note of the questions. The procedure demands pilot 
studies to develop a feeling for what basic information is appropriate for the decision task, as 
well as what kind of questions are asked by participants. For questions, which were not 
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prepared, answers must be improvised (ibid.). According to Reisen et al (2008), this approach 
enhances realism. Indeed, one of Huber et al’s (1997) contributions was to carry out their study 
in a naturalistic decision context15. On the downside, AIS requires extensive pre-testing to 
prepare the experimental setting, and Reisen et al argue that AIS captures information 
acquisition data with less precision than MT. Also, there is no available data about information 
integration processes of subjects. 

 
 According to Van Gog et al (2005), Verbal Protocols are the most widely used method 
to trace decision-making processes. The idea behind the Verbal Protocol or Think-aloud 
Technique (Ericsson & Simon, 1980; Russo & Dosher, 1983; Giering, 2016, p.18) is to 
encourage subjects to verbalise their thoughts (Schkade & Payne, 1994). Usually, the research 
questions behind the setting are unknown to participants. Consequently, the presumption is that 
they only report current and honest cogitations (ibid.). This represents an “untutored repertoire” 
of the person (Bakeman & Quera, 2011, p.6) since his spontaneous behaviour assumingly 
reflects his natural state. Verbal Protocols can be classified into concurrent and retrospective 
protocols, depending on the time point between information acquisition and moment of recall 
(Ericsson & Simon, 1980). Verbal reports during the decision process are labelled concurrent. 
On the other hand, retrospective protocols are collected afterwards.  
 
 Eye-tracking was first employed by Russo & Rosen (1975). They studied eye 
movements of people during a hypothetical MA car choice. The intention was to use ET as a 
window to the subject’s cognitive processes (Reutskaja et al., 2011). Eye movements are the 
least effortful way to acquire information, as the associated ‘cost of acquisition’ is the lowest. 
Consequently, the pattern of eye movements provides data, which points at the information 
utilised in a decision task (Russo, 2011). Reactivity is assumed to be low in ET because eye-
movements are a somewhat automatic response and rapid (ibid.). There are specifically two 
types of movements of interest for research within this methodology (review: Rayner, 2009; 
Shi et al., 2013; Yang et al., 2015). The first are saccades, which are fast movements from on 
object to the next. During a saccade, humans are incapable to acquire information (Russo, 2011, 
44f). The other type is fixations. Research assumes that fixations on certain pieces of 
information identify them as an object of regard (Glaholt & Reingold, 2011). Thus, analysis of 
fixation frequency, fixation order, and time measures may uncover insights into the decision-
making process (Russo, 2011). There are, however, a few drawbacks. First of all, while the 
validity of ET is considered good overall, there exists an argument from research on visual 
attention that the point of gaze does not necessarily correspond to the point to which the subject 
has drawn his attention (Glaholt & Reingold, 2011, p.127). Next, ET requires very costly 
equipment. Set-up and calibration of that equipment can be troublesome (Reisen et al., 2008). 

 
15 Regarding the realism of different process-tracing techniques, it can be argued that due to factors like the 
internet, digitalisation, and e-commerce many real-world choices become increasingly similar to ET and MT 
settings. “The global e-commerce market has experienced explosive growth in recent years […] It seems clear that 
online shopping channels have become the mainstream form of shopping […] In the online shopping context, there 
is no way for consumers to evaluate product features and quality by touch, but only through information displayed 
on the websites” (Hwang & Lee, 2018, p.15). For instance, when I recently bought my new laptop, I used several 
comparison websites that showcased the performances of competing models side by side. Similar layouts are found 
at online marketplaces like Amazon. Thus, nowadays many MA choices are made on the basis of an alternative-
attribute matrix layout of performance levels. 
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 Lastly, I present Mouse-tracking (Payne et al., 1993; Norman & Schulte-Mecklenbeck, 
2010; Willemsen & Johnson, 2011). MT is a computer-based approach, which employs ideas 
from traditional information board display studies (Payne, 1976). The are several installations 
for MT (e.g. MouseTrace: Jasper & Shapiro, 2002; InterActive Process Tracing: Reisen et al., 
2008), while the most famous is the openly accessible Mouselab tool16 (Willemsen & Johnson, 
2018). MT has been applied for a diverse set of research aims, such as the study of normal-form 
games (gambles) in Economics (Costa-Gomes et al., 2001), consumer decision making in 
Marketing (Lurie, 2004), heuristics (Bröder, 2003), effects of time pressure on preferences 
(Payne et al., 1993) and inferences (Rieskamp & Hoffrage, 2008), effects of age and task 
complexity on preferences (Queen et al., 2012), study of preference reversals (Schkade & 
Johnson, 1989), and comparisons of process-tracing techniques (Lohse & Johnson, 1996; 
Franco-Watkins & Johnson, 2011). As the multitude of previous applications implies, 
numerous layouts are possible in Mouselab.  

 
For the discrete MA choice context of interest, information can be displayed in form of 

an alternative-attribute matrix (Figure 7.3.1.1). Information about performance levels of choice 
alternatives is hidden within the cells of the matrix. Subjects hover their computer mouse over 
cells to temporarily show that information. When DMs transition across cells, information from 
previous cells disappears and information of new cells is revealed instead. Through this process, 
people can search as much information as they like until they have acquired enough to select 
their preferred alternative. All mentioned aspects can be adjusted and tailored towards the 
research question. Van Ittersum et al (2007, p.1181) argue that in this procedure DM’s “search 
for attribute information […] is primarily based on personal values and desires”. Consequently, 
MT enables the researcher to trace the subjective nature of choice behaviour.  

 
MT collects data about the following variables: 1) the importance of information hidden 

behind particular cells within the matrix17, and 2) the transitioning pattern across cells (Norman 
& Schulte-Mecklenbeck, 2010). Resulting information-acquisition data can then be linked to 
cognition by assuming occurrence and adjacency (Willemsen & Johnson, 2011, p.39). Through 
the computer-based approach, MT studies can be conducted online (Johnson et al., 2008). This 
inherits the advantage that with little demand of resources, large samples from heterogenous 
populations may be collected (Willemsen & Johnson, 2011.). On the downside, MT studies 
require the pre-structuring of data, which may potentially impact DMs behaviour (Reisen et al., 
2008).  
 

I will discuss this concern in the next section, when I undertake a closer comparison of 
ET and MT. For the moment, I dismiss AIS and Verbal Protocols as data-collection tools. This 
thesis aims to build on movement-based measures like ET and MT (Schulte-Mecklenbeck et 
al., 2017), as one objective will be to analyse the consideration of attribute ranges from 
information-acquisition data. Also, AIS requires much up-front preparation that is not feasible 
given the time constraints of my project. Verbal Protocol analysis is rejected on similar grounds 
because it is a very time-consuming method (Reisen et al., 2008). Furthermore, even more effort 

 
16 Available from http://www.mouselabweb.org. 
17 This can be implied from the frequency of cell openings and the time spent on cells. 
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would be required to address all related reactivity concerns (Podsakoff & Organ, 1986; Fox et 
al., 2011). ET and MT techniques have the advantage that they are objective process measures, 
whereas self-reports of decision processes are subjective and may be influenced by 
experimenter demand effects (Fleming & Zizzo, 2015). Another promising approach, a 
combination of process-tracing techniques (e.g. Harte & Koele, 2001; for an application: 
Reisen et al., 2008) must be dismissed as well due to insufficient resources for this research 
project. 
 

 

6.4 Comparison of Mouse- and Eye- tracking  
 
ET and MT have their own distinct advantages and disadvantages. Here, I intend to 

provide an in-depth comparison to select one as data collection method. Both procedures start 
from a similar matrix, displaying attribute information about each choice option. Next, I focus 
on four key differences between both techniques that I have identified (Table 6.4.1).  
 

 
 

Properties 
 

 
Process-tracing Method 

 
Mouse-tracking 

 
Eye-tracking 

Measures 
- Tracing computer mouse 

trajectory 
- Slower and more effortful, but 

easily learned and accurate 

- Tracing the gaze of subjects 
- Fast and automatic, but does not 

consider peripheral vision 

Display Design 
- Hidden information-presentation 

format 
- May prompt use of deliberate 

decision strategies 

- Open information-presentation 
format 

- Not reactive  

Equipment - Open access (Mouselab software) - Costly hard- and software 

Experimental 
Setup 

- Online setup possible 
- No experimenter necessary 
- Collects large samples of 

heterogenous data  

- Effortful setup, demands 
calibration 

- Experimenter needs to be present 
- Collects data for one subject at a 

time 
8 - Table 6.4.1: Comparison of mouse- and eye-tracking techniques 

First, as the name implies, ET traces the gaze of subjects, while MT collects data from 
a computer mouse’s trajectory. “A core idea of the information-processing approach is that 
conscious attention is the scarce resource for decision makers” (Payne & Bettman, 2004, p.112). 
Because of this, DMs are assumed to be selective in the way they acquire information18. 

 
18 For binary choice tasks, a similar idea underlies sequential sampling methods like the Drift-Diffusion Model 
(Ratcliff & McKoon, 2008). It assumes that DMs continuously sample information from choice alternatives in 
order to accumulate evidence in support of either option, and that the sampled information itself is noisy. The 
sampling process ends once a pre-determined threshold has been reached. The termination of sampling therefore 
depends on the relative amount of evidence available at that moment in favour of either of the alternatives. In 
theory, the DM who wants to end up with the correct choice is motivated to accumulate as much evidence as 
possible, however, sampling requires time. Therefore, the decision how long to sample information is subject to 
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Research indicates that eye movements and attention are correlated (Glaholt & Reingold, 2011, 
p.127). Also, eye movements are regarded as fast and automatic response, while hand 
movements are comparatively slower and more effortful to execute (ibid.). Other research has 
compared mouse- and eye-movements in several tasks from a human-computer interaction 
perspective (Jacob, 1991). Willemsen & Johnson (2011, p.23) argue that, as a pointing device, 
the computer mouse is “easily learned, and both fast and accurate.” Some researchers fear MT 
may influence the underlying process (Glöckner & Betsch, 2008; Glaholt & Reingold, 2011; 
Franco-Watkins & Johnson, 2011), while others regard it as an analogue (Harte & Koele, 2001; 
Willemsen & Johnson, 2011) or even more convenient proxy to ET (Reutskaja et al., 2011; 
Taylor, 2017). The bottom line is, overall, both techniques are quite consistent (Reisen et al., 
2008). Nevertheless, I will discuss reactivity concerns a little further, after I have presented the 
next key difference. 

 
Second, in MT information must be revealed from a hidden matrix, while in ET all 

information is visible throughout the process. The design of the display is one of the crucial 
aspects in process-tracing studies (Sundström, 1987; Jarvenpaa, 1989; Willemsen & Johnson, 
2011). Glöckner & Betsch (2008) argue that it restricts information search if only one piece of 
information can be inspected at a time like in the standard procedure of Mouselab. Particularly, 
it emphasises serial integration of information, which is assumed to be cognitively more 
effortful, slow and related to deliberate decision strategies, rather than what Glöckner & Betsch 
refer to as automatic processing. The experimental setting may thus influence coherence with 
previous results about human information-processing behaviour. To test this hypothesis, 
Glöckner & Herbold (2011) conducted another study with an open information-presentation 
format and ET as process-tracing technique. The findings indicate that subjects were able to 
use automatic processes to implement complex decision strategies like WADD surprisingly 
quickly. This suggests potential reactivity concerns for a MT approach (Willemsen & Johnson, 
2011). However, results of Senter & Wedell (1999: Experiment 1) showed no interaction 
between an open-versus-hidden MT format with regards to observed choice patterns. 

 
The above example highlights the importance to compare ET and MT technology 

empirically. Despite the mentioned work by Glöckner and colleagues, there is at least another 
empirical study, which specifically investigated both approaches for similarity. Lohse & 
Johnson (1996) found several differences across techniques. MT subjects needed longer to 
complete the experimental task. The rate of fixations was significantly larger in the eye 
movement analysis condition. ET was more accurate as expressed by expected utility, however, 
those differences were small. MT subjects searched more information overall, which points 
towards a more systematic processing approach. Also, the pattern of search, within and across 
attributes, showed a significant main effect for process-tracing technique. Processing was more 
alternative-based with MT than with ET. The variability of processing patterns and 
reacquisition rates were higher for ET. Overall, from this empirical evidence one cannot dismiss 
the possibility that MT may be more reactive than ET (ibid.). Despite this, previous research 
has mainly found consistent results across both approaches (Reisen et al., 2008; Willemsen & 

 
the so-called speed-accuracy trade-off (Clithero, 2018). More information about sequential sampling methods can 
be found in Ratcliff & Smith (2004). 
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Johnson, 2011). Moreover, the open presentation format of ET studies does not guarantee that 
the point of gaze relates precisely to the object of regard. Humans are capable of peripheral 
vision (Lohse & Johnson, 1996; Glaholt & Reingold, 2011). 

 
Third, MT software such as Mouselab is open access, while ET equipment is expensive. 

25 years ago, costs for ET hardware were estimated to be between 20 to 100 thousand US 
dollars (Lohse & Johnson, 1996). Assumingly, that price has decreased meanwhile. There are 
websites19, which provide further information about recent ET soft- and hardware. For instance, 
the study conducted by Glaholt & Reingold (2011) used the ‘Eyelink 1000 Eye-Tracking 
System’20. Unfortunately, the manufacturer does not publicly list their prices. Farnsworth 
(2018) gives a price overview of some tracking systems that he classifies into low-end (100-
1,000 US dollars), mid-level (1,000-10,000 US dollars), and high-end eye-trackers (more than 
10,000 US dollars). Overall, the conclusion is that compared to openly-accessible MT software, 
ET equipment is still very costly despite technological innovations. 

 
Fourth, MT experiments are more convenient to conduct. MT data may be collected 

without involvement of the experimenter (Willemsen & Johnson, 2011), and even online 
(Johnson et al., 2008). This brings several advantages. First, it enables researchers to attain 
large samples of heterogenous populations (Willemsen & Johnson, 2011). Furthermore, it 
opens new streams of research, such as the analysis of clickstream data (Johnson et al., 2004). 
Eye movement experiments are challenging to set-up. For instance, calibration may fail (Reisen 
et al., 2008) and in general an experimenter must be present throughout the collection process. 
Consequently, creating an appropriate data sample for analysis is more demanding in terms of 
time and resources when utilising ET. 

 
Both techniques also share a common disadvantage (ibid.). The traditional setup, which 

displays an alternative-attribute matrix for the experiment, pre-structures data. MAVT often 
utilises an alternative-attribute matrix to depict a decision problem. Indeed, in DA it is not 
uncommon to end up with this situation after the initial phase of identifying alternatives via 
VFT. In conclusion, weighing the benefits and drawbacks of each procedure, I argue that 
Mouse-tracking has several relevant advantages for this thesis. Due to time-constraints of a 
PhD project, the savings in time and resources that I may realise with Mouselab are significant. 
Also, for my objective to introduce new choice-processing measures, it is crucial to conduct a 
study with enough statistical power. Using MT, I can collect a large data sample in efficient 
manner. On the downside, MT might be slightly more reactive than ET. However, previous 
studies regard MT as a valid data collection approach based on the same empirical evidence 
that I considered here. Lohse & Johnson (1996) state that despite the mentioned differences, in 
terms of accuracy both approaches are comparable. Reisen et al (2008) find them to be mostly 
consistent with each other and Willemsen & Johnson (2011, p.38) even argue that the evidence 
hints in favour of computer-based techniques. This concludes the literature section. In the next 
chapters I will describe the methodological approach of this thesis.  

 
19 http://www.eyemovementresearch.com/hardware/eye-trackers. 
20 https://www.sr-research.com/products/eyelink-1000-plus. 
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RESEARCH METHODOLOGY 
 
 
 

In chapter 7, I summarise the key aim of this thesis and state a set of research objectives. 
Next, I develop a concept for a choice-processing measure of attribute range and value trade-
off consideration (MRTC). I further explain how this concept can contribute to the Decision 
Analysis community and extend process-related measures from psychological literature. I 
introduce two possible designs for mouse-tracking studies and discuss their respective 
drawbacks and benefits. Specifically, I introduce one design based on an ‘ordinal ranking’ of 
choice options (Study 1), and another based on highlighting particular pieces of information 
through a ‘clicking feature’ (Study 2). 

 
 
In chapter 8, I introduce the experimental setup for both studies using Mouselab and 

Qualtrics. I describe the different stages of both experiments with their rationale. Specifically, 
I cover the different choice problems for Study 1 and Study 2, the elicitation procedure for the 
value model, and the implementation of the prescriptive video intervention stage. 
 

 
In chapter 9, I discuss the pilot experiments for Study 1 and Study 2. In both cases I 

develop a set of propositions for the amount of overall processing behaviour, its selectivity, the 
transitioning behaviour, and the MRTC variables. Further, I consider value model consistency 
as outcome-based measure. I describe data collection and data processing stages, as well as the 
choice strategy identification procedures. I consider between- and within-subjects analysis for 
both studies. Moreover, I explore effects based on differences in choice strategy selection. For 
Study 2, I also analyse the utilisation of the ‘clicking feature’. In the end, I state the findings 
and discuss their implications for the setup of the main experiment. 

 
 

In chapter 10, I discuss the main experiment of this PhD project. I draw on the findings 
of the pilot studies to incorporate design improvements. I then describe the organisation and 
execution of the main data collection for Study 1 and 2. Next, I report on the data processing 
procedure for Mouselab and Qualtrics raw data. Necessary adjustments to hypotheses and 
variables follow, after which I also describe improvements to the choice identification 
procedures of both studies. During data analysis I report summary statistics before evaluating 
the influence of the following factors on choice-processing behaviour and quality: Presentation 
order, complexity, and prescriptive intervention. I also assess differences with respect to 
strategy selection, strategy switching, as well as clicking behaviour. I provide a summary of the 
key findings for each experiment.  
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7. Measures of Attribute Range and Value Trade-off 
Consideration (MRTC) 

 
 

I start the research methodology section with a one-stop overview of the key aims and 
research objectives of this PhD project. I mentioned parts of it previously but intend to 
combine everything together right here as a foundation for the subsequent discussion of the 
methodology. As can be inferred from the title of the thesis, the overarching aim is to evaluate 
choice quality in riskless MA decisions. I focus on choice contexts without dominance 
structures, so that we can assume that different people exhibit subjective preferences towards 
alternatives. Thus, the assessment of choice quality is not a trivial task. My chosen approach to 
tackling the above aim evolved based on the following three considerations. 

 
1) What information do people use in MA choices and can that process be improved 

through prescriptive intervention? 
 

I discussed the potential of a process-based approach to studying decision-making 
performance in Section 5.3. The first step, however, must be a descriptive one; that is getting 
an understanding of the dynamics of MA choice-processing behaviour. I want to know how 
people interact with the information presented in the alternative-attribute matrix. Research 
about the adaptive DM (Payne et al., 1993), which I presented in Chapter 6, has provided some 
insights. In this thesis I extend this body of knowledge by applying an intervention focus, as it 
is typical for BOR (Franco et al., 2021). The objective is to help people improve MA choice 
quality. 

 
2) How to evaluate choice quality in the subjective realm of MA choice? 

 
When the objective is to measure performance (choice quality) and to improve it, then 

it is required to have a way to distinguish better from worse choice-processing approaches. This 
is one key difficulty given subjective preferences. In this work I employ the argument that a 
well-executed heuristic rule performs better than a badly executed normative rule. A simplistic 
distinction on the grounds of what decision strategies are to be preferred based on theoretical 
considerations seems inappropriate since it neglects the crucial interaction with the human, who 
in his role as DM needs to be capable to execute it correctly. In fact, this question of decision 
strategy execution has not been addressed yet in the adaptive DM paradigm (Bettman et al., 
1993, p.948). Similarly, there is a lack of rigorous analysis on human behaviour with models 
within the BOR literature (O’Keefe, 2016). 

 
3) How to objectively measure if people execute decision strategies correctly? 

 
Consequently, the question is what normative benchmarks are available and relevant to 

decision strategy execution? Because I assume subjective preferences, such a benchmark must 
apply to numerous decision strategies at a time, heuristic as well as normative ones. I addressed 



 69 

this issue by reviewing a normative theory of MCDM in Chapter 4 (MAVT). Within MAVT, 
there exists the normative principle of attribute range sensitivity (von Nitzsch & Weber, 1993). 
It prescribes that any approach, which involves a notion of attribute importance (weighting), 
should consider the attribute ranges during the decision-making process. The review of 
psychological decision strategies in Table 6.2.1 revealed therefore that this principle is in fact 
relevant for the majority of the seven choice strategies, which I consider and distinguish in this 
research project. The objective of Chapter 7 is to introduce a concept of measures of attribute 
range and value trade-off consideration (MRTC), which aims to assess the appropriate 
consideration of extreme values in quantitative terms. 
 

First, I will review information-processing measures from previous MT studies. This 
showcases current practice and helps explain how MRTC may contribute to OR/MS literature. 
Another idea is to later use classical measures of information-acquisition behaviour to identify 
decision strategy types. I presented seven decision strategies, which I classified according to 
three MLs (Table 6.2.1). ML1 consists of WADD, a strategy that is based on MAVT. ML2 
encompasses heuristics, which utilise a concept of ‘attribute importance’, while the third group 
(ML3) is formed of heuristics that do not refer to criteria weighting.  
 

After, I will introduce the reasoning for MRTC. Literature on the range insensitivity 
bias emphasised the necessity to consider the local context of a choice problem. In a similar 
vein, Keeney (2002) pointed out the major role of value trade-offs for high-quality decision 
making. For trade-offs to be useful they must consider “the substance of the value trade-off” 
(ibid., p.935), such as the range of consequences (ibid., p.940). Afterwards, I will develop two 
experimental studies, which are designed to enable analysis whether attribute ranges have been 
considered appropriately. The occurrence and adjacency assumptions will support the 
argumentation. Overall, I will incorporate Kahneman’s advice from Section 5.3 to combine 
consistency checks with process-related criteria. Experimental findings may therefore suggest 
promising leverage points for prescriptive interventions in future studies. 
 
 

7.1 Previous Data Analysis based on Information-Processing Measures 
 
 MT studies provide data about two aspects: The first is importance of information 
behind specific cells of the alternative-attribute matrix, and secondly, information about the 
transitional pattern from one cell to the next (Norman & Schulte-Mecklenbeck, 2010; 
Willemsen & Johnson, 2011). To make statements about the three primary properties of 
information-acquisition behaviour21, MT studies have employed several dependent measures 
(Lurie, 2004, p.479f). For determining the extent of information acquisitions, it is common to 
measure the number of cell openings and the average time spent per acquisition. Regarding the 
selectivity of acquisition behaviour, the proportion of time spent on the most important attribute, 
and variances in time spent on attributes and alternatives are useful measures. Lastly, the 

 
21 As discussed in Chapter 6, these are the amount of information acquired, the selectivity of acquisitions, and the 
distinction between alternative- versus attribute-based processing. 
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amount of alternative- versus attribute-based processing may be calculated with the ‘Payne 
Index’ (Norman & Schulte-Mecklenbeck, 2010.).  
 
 Payne Index = 𝑁𝑁 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖𝑎𝑎𝑎𝑎 − 𝑁𝑁 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

𝑁𝑁 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖𝑎𝑎𝑎𝑎 + 𝑁𝑁 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
 (7.1.) 

 
The idea behind the Payne Index (Equation 7.1) is to calculate the difference of the 

number of alternative- (N alternative) and attribute-wise (N attribute) transitions relative to the 
total number of transitions. N alternative thus measures the frequency how often the DM 
transitions from one cell to the next within an alternative, while N attribute measures how often 
the DM transitions within an attribute. The resulting index provides a score between +1 and -
1. A value of +1 indicates perfect alternative-based processing, and a value of -1 describes 
perfect attribute-based processing. Böckenholt & Hynan (1994) assessed the validity of the 
Payne Index and found that it may be less appropriate for choice contexts with an unequal 
number of options and criteria. In particular, the index is biased towards attribute-based 
processing when there are more alternatives than attributes in the choice problem, and vice 
versa (Pfeiffer et al., 2014, p.8). Payne & Bettman (1994, p.120) argue, however, that it can be 
applied if the problem size is kept constant and when the number of transitions is sufficiently 
large22. Böckenholt & Hynan introduced the following search measure (SM) for the general 
case (Equation 7.2). ‘N’ is the total number of cell openings. ‘A’ denotes the number of 
alternatives and ‘D’ the number of attributes. The frequency of alternative- and attribute-wise 
transitions is given by ra and rd, respectively (Norman & Schulte-Mecklenbeck, 2010).  
 
 

SM = 
√𝑁𝑁 (�𝐴𝐴𝐴𝐴𝑁𝑁 �(𝑎𝑎𝑎𝑎−𝑎𝑎𝑑𝑑)−(𝐷𝐷−𝐴𝐴))

�𝐴𝐴2(𝐷𝐷−1)+𝐷𝐷2(𝐴𝐴−1)
 

 

(7.2.) 

The above measures will assist in identifying decision strategies from collected choice-
processing data. Further, Riedl et al (2008) created a framework to distinguish between decision 
strategies on the grounds of a set of metrics. The first metric is based on the ratio of alternative-
wise to attribute-wise and mixed transitions. It identifies decision strategies, which use 
extensive information-acquisition behaviour in alternative-based manner. From Table 6.2.1, we 
see this refers to WADD, LIM, and FRQ strategies23. If we denote alternative-wise transitions 
as OT, and attribute-based and mixed transitions as AT and MT, the ratio can be expressed for 
a matrix with o choice options and a attributes as follows (Equation 7.3). 
 
 𝑂𝑂𝑂𝑂

𝐴𝐴𝑂𝑂 + 𝑀𝑀𝑂𝑂
 = (𝑎𝑎 − 1)𝑜𝑜

𝑜𝑜 − 1 
 

 

(7.3.) 

This metric focuses on extensive and alternative-based strategies, so the number of 
expected alternative-wise transitions within an option can be expressed as (a – 1). Due to 
extensive information acquisition, this number is multiplied by the number of alternatives in 
the matrix resulting in the product (a – 1)*o. After information for one alternative has been 

 
22 The authors considered average acquisition totals beyond 30 as sufficiently large (Payne & Bettman, 1994). 
23 Note that Riedl et al (2008) did not include FRQ themselves. 
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acquired completely, people transition to another alternative by way of an attribute-wise or 
mixed transition. The total number of these transitions is simply o – 1. Consequently, one 
calculates a general ratio of expected transitions for strategies like WADD, LIM, and FRQ, 
which takes the structure of the alternative-attribute matrix into account. For a 5 Alternatives x 
3 Attributes choice matrix, we expect a ratio of 2.5 24 . Subjects are unlikely to follow 
‘characteristic patterns’ of decision strategies (failure of adaptivity: Bettman et al., 1993; 
maladaptivity: Bröder & Schiffer, 2006), thus it is recommended to use tolerance levels 
(Bröder, 2002).  

 
Remember that WADD, LIM, and FRQ belong to different MLs (Table 6.2.1). WADD 

can be distinguished from FRQ based on expected cognitive effort. According to past research, 
subjects require more cognitive effort to employ WADD. Following the argument of Glöckner 
and his contributors (Glöckner & Betsch, 2008; Glöckner & Herbold, 2011), this aspect should 
be more profound in the hidden information-presentation format in MT. They present evidence 
that it emphasises deliberate decision processing, which is correlated with higher demand of 
cognitive resources. In the literature, processing effort can be approximated by time spent per 
acquisition (Lurie, 2004). Thus, if participants invest considerably short time during data 
acquisition, it is likely they employed a heuristic, rather than WADD. Another approach to 
distinguish these decision strategies is to base the identification on the similarity of a subjects 
‘scan path’ (Reisen et al., 2008: Figure 5) with the ‘characteristic patterns’ of strategies. Such 
patterns will be derived later for all strategies of Table 6.2.1. 

 
The second metric in Riedl et al (2008) utilises the ratio of time spent on alternatives to 

discriminate MCD. MCD has a unique trait among the decision strategies in Table 6.2.1. It 
processes information consistent across attributes, but selective across alternatives. This is due 
to its pairwise comparisons of choice options. After a winning alternative is identified, the 
‘winner’ enters the next pairwise comparison with a remaining option. In a context with o 
alternatives, the overall number of considered alternatives, including repetitions from the 
winning option, can be calculated as 2(𝑜𝑜 − 1). Consequently, for a three-options context, MCD 
will consider attribute performance levels of four alternatives. Assuming ‘Alternative 1’ will 
be selected eventually, the corresponding ratio of time spent on each alternative would equal 
2:1:1. Depending on the structure of the MA choice context, there are numerous possible time 
ratios (ibid.). The rationale of this metric can furthermore be used to imply estimates for some 
strategies, which eliminate alternatives. For instance, LEX and EBA are unlikely to have equal 
time ratios across alternatives. For SAT, however, prediction is difficult due to option-wise 
search and unknown cut-off levels (ibid.). 

 
The third and last process-based metric is based on the correlation between attribute 

rank and number of acquisitions for an attribute. Assume, every cell in the matrix is assigned a 
‘rank’ based on the time it was opened; the first acquisition will have ‘Rank 1’ and the last cell 
the highest rank. This data is then transformed into an attribute rank, by calculating the mean 
of all cell ranks for every attribute. Decision strategies like EBA and LEX are characterised by 
attribute-wise processing that is selective across criteria, and elimination of alternatives. Thus, 

 
24 In a 5 Alternatives x 3 Attributes context OT/(AT + MT) = (a - 1)o/(o - 1 ) equals (3 - 1)5/(5 - 1) = 10/4 = 2.5. 



 72 

we can imply that correlation between attribute rank and number of cell openings should be 
negative for EBA and LEX (close to -1: Riedl et al., 2008). All strategies with consistent 
information acquisition across attributes are expected to have a correlation coefficient around 
0. For SAT it can be either negative or 0 (ibid.). This third metric distinguishes EBA and LEX 
from other strategies of Table 6.2.1. Both belong to the same ML. 

 
In conclusion, I reviewed measures for three main properties of information-processing 

behaviour. Further, Riedl et al developed three process-based metrics, which enable distinction 
of different choice strategies. These measures are displayed in Table 7.1.1. There are two things 
to note: First, identification based on these measures and metrics so far only applies to six of 
the seven decision strategies of Table 6.2.1. Metric 1 distinguishes WADD, LIM, and FRQ, 
Metric 2 identifies MCD, and Metric 3 discriminates EBA and LEX strategies. None of these 
metrics addresses SAT. Nevertheless, there are properties we can imply about SAT. Based on 
its characteristic to stop processing once a satisficing option is found, people will select the 
alternative with the highest number of acquisitions (Riedl et al., 2008). From Metric 1 follows 
that if an alternative-wise decision strategy fails to meet the tolerance level to be identified as 
WADD, LIM, or FRQ, there is a chance that it is SAT. 

 
 

Source 
 

Property of Choice Behaviour 
 

 
Dependent Measures 

Luce et al 
(1997): Three 
Measures of 
Information-
acquisition 
Behaviour 

Extent of Information Acquisition - Number of acquisitions (cell openings) 
- Average time spent per acquisition  

 
Consistency of Information 

Acquisition 

- Proportion of time spent on ‘most 
important’ attribute 

- Variance in time spent on alternatives 
- Variance in time spent on attributes 

Pattern of Processing 
- Proportion of alternative- vs. attribute-

based processing 
- Payne Index 

Riedl et al 
(2008): Three 
Metrics for 
Decision 
Strategy 
Identification 

Metric 1: Identification of WADD, 
LIM and FRQ 

- Ratio of alternative-wise to attribute-
wise and mixed transitions 

 
Metric 2: Identification of MCD 

 
- Ratio of time spent on alternatives 

 
Metric 3: Identification of EBA and 

LEX 
 

- Correlation between attribute rank and 
number of acquisitions for an attribute 

 

9 - Table 7.1.1: Overview of information-processing measures for strategy identification 

Second, information-processing measures may not be sufficient for the distinction of 
decision strategies into the three MLs. Metric 1 discriminates WADD, LIM, and FRQ from the 
rest. However, WADD, LIM, and FRQ themselves do not belong to the same ML. I have 
described one way to distinguish WADD and FRQ based on processing effort, however, this 
demands some sort of threshold. Thus, I acknowledge there may occur practical difficulties to 
identify decision strategies. Regardless of the type of approach used for strategy identification, 
the literature provides numerous examples that mirror this issue (e.g. Reisen et al., 2008; 
Rieskamp & Hoffrage, 2008; Hilbig & Moshagen, 2014; Marewski et al., 2018). Also, 
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according to previous findings from psychological research, people struggle to employ decision 
strategies perfectly, and may implement a combination of choice strategies instead (Bettman et 
al., 1993; Shi et al., 2013; Herzog & von Helversen, 2018). Use of multiple rules could be 
considered intelligent adaptation behaviour, rather than as shortcoming (Payne et al., 1993; 
Bröder, 2003; Fasolo et al., 2003). A promising new strategy identification approach is the 
utilisation of diagnostic tasks (Jekel et al., 2011). The idea is to develop decision problems, 
where the observed choice directly implies the use of a specific choice strategy. Pfeiffer et al 
(2015) show an application based on a genetic algorithm. However, their current approach 
constrains the number of decision strategies relative to the number of choice alternatives, which 
renders it inappropriate for this thesis.  

 
 

7.2 A new Avenue - the MRTC Concept  
 
 In this section, I explain how to develop a measure of ‘goodness’ for the subjective 
realm of decision making. I provide reasoning for this measure and connect it to normative 
Decision Theory for riskless MA choices. Afterwards, I will introduce two possible 
experimental designs for its analysis. Both proposals will be discussed with regards to related 
research. 
 

I merge different ideas to address a set of research gaps: The process-tracing literature, 
shows demonstrations of adaptive decision-making behaviour (Payne et al., 1993). The 
“contingent nature of decision making” (Ford et al., 1989, p.107) influences the quality of 
choices. Ford and colleagues argue that “the examination of the linkage of strategy and decision 
quality requires the development of decision problems with an identifiable high-quality 
alternative” (ibid., p.107). People often face choices without an objectively best option. In that 
case one should refer to the DM’s preferences (Chapter 1). However, subjective preferences 
may produce choice approaches, which are not aligned with DA, but instead focus on 
simplification of the problem (Shah & Oppenheimer, 2008; psychological heuristics: 
Katsikopoulos, 2011). Indeed, while traditionally researchers assumed rational choice 
behaviour, descriptive findings suggest otherwise (Chapter 3). Unassisted DMs may therefore 
be content with satisficing, rather than maximising alternatives. The aim of this thesis is to 
contribute towards the quality assessment of choices in a riskless MA context, in which there 
is no ‘best’ alternative. One approach is to evaluate the consistency of choices with a value 
model. The assumption is that consistent choices indicate an accurate process (Bettman et al., 
1998, p.195). However, consistency measures do not reveal underlying causes in case of 
deviations. Therefore, I argue that to provide prescriptive support, it is essential to understand 
if DMs fail to utilise ‘correct’ decision strategies, or rather fail to employ decision strategies 
‘correctly’. I regard process-related measures as the most promising avenue for this problem. 

 
I discussed the general trend towards process-related studies of decision making in 

recent years (Oppenheimer & Kelso, 2015). I want to develop process measures of choice 
quality. One possible leverage point is to evaluate the level of execution of decision strategies 
(Bettman et al., 1993, p.948; Payne et al., 1993, p.214f). MAVT provides normative standards 
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to compare against. Wallenius et al (2008) specifically overviewed the MCDM field to identify 
new research areas. They argue that behavioural considerations “have not received a great deal 
of attention” (ibid., p.1341). Also, they acknowledge the increasingly important role of 
heuristics in MS/OR research (Keller & Katsikopoulos, 2016). I believe the MRTC concept can 
be used to bring these ideas together.  

 
MRTC contributes to the MS/OR literature in two main ways: Firstly, my overview of 

choice quality measures (Table 5.3.1) emphasised the lack of process-related assessment 
methods. This is mirrored in recent publications, such as Franco & Hämäläinen (2015). The 
discussion of Kahneman’s (1994) and Simon’s (1986) arguments revealed that MA choices 
should be evaluated upon data that is collected while the choice occurs. Psychologists have 
used several measures in the past to describe choice-processing behaviour. Three primary 
measures have been discussed (Table 7.1.1). However, unlike this thesis, psychologists are 
usually interested in the description of behaviour, rather than the assessment and improvement 
of choice quality (prescriptive challenge: Marewski et al., 2018). Therefore, I argue against the 
sole transfer of psychological process-tracing measures into the realm of MS/OR. However, 
their findings greatly assist the identification of decision strategies, and the assessment of 
characteristics of choice processes. Secondly, I target a research gap related to how well DMs 
execute decision strategies (Bettman et al., 1993), and if prescriptive assistance can help DMs. 
To assess choice quality, I will utilise normative standards based on findings about the range 
insensitivity bias (Section 4.3), and the crucial role of value trade-offs (Chapter 1). An 
important property of MRTC is that it is relevant for MA choices despite subjective preferences. 
So far, studies often lack a comparable benchmark for evaluating the ‘goodness’ of choices 
(Section 5.3). Next, I will introduce the MRTC concept. Specifically, I will state its reasoning 
and link it to MAVT.  

 
MAVT’s foundation is expressed in a set of axioms that translate into assumptions about 

reasonable behaviour (Dyer, 2016). Subjectivity is implemented by modelling preferences 
using marginal value functions and attribute weights. Through an aggregation function the 
elicited information is transformed into an overall score for every choice alternative. My review 
emphasised that not all elicitation techniques are equally appropriate for the task. The main 
cause for this is motivational and cognitive biases that DMs are subject to (Montibeller & von 
Winterfeldt, 2015). Eventually, I identified that the so-called range insensitivity bias, which 
may occur during attribute weight elicitation, is particularly relevant for the objectives of this 
thesis for two main reasons:  

 
Firstly, there exists a benchmark that represents why and how attribute ranges should be 

considered during attribute-weight elicitation. This benchmark is the RSI (von Nitzsch & 
Weber, 1993). Prior research suggests that subjects often fail to consider attribute ranges 
correctly (Table 4.3.2.1). This failure in range consideration cannot be excused on behalf of 
subjective preferences. Rather, RSI was used in comparisons of elicitation techniques to 
evaluate the ‘goodness’ of methods (e.g. Pöyhönen & Hämäläinen, 2001; Riabacke et al., 2012). 
Consequently, the key idea of the RSI, the appropriate consideration of attribute ranges, is 
relevant for any undertaking, which involves attribute importance. Psychologists are not foreign 
to the concept of attribute importance, as can be seen in decision strategies such as LEX, EBA, 
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and LIM (ML2: Table 6.2.1). However, their main interest is to describe behaviour, rather than 
to improve it. This is evident in Goldstein’s (1990) discussion of local and global perspectives 
on attribute importance. Psychologists do not discriminate choice quality by the way that 
weights are elicited. Consequently, the second aspect is that this bias provides a new mean 
towards the evaluation of choice quality in a way that psychologists are not concerned with. 

 
I explain why traditional information-processing measures are insufficient to assess 

attribute range consideration and value trade-off execution. In the research paradigm of the 
‘adaptive decision maker’ (Payne et al., 1993), the use of sophisticated decision strategies is 
characterised by consistent and extensive choice-processing behaviour. Research particularly 
regards alternative-based processing as an indicator for compensatory processes (ibid.). 
Compensatory processes are subject to the DM’s willingness to execute value trade-offs, and 
this willingness is determined by the attribute weights (Chapter 4). Thus, judging compensatory 
processes based on the occurrence of alternative-based transitions is only useful for descriptive 
purposes, as it does not emphasise attribute ranges. In fact, a sole focus on alternative-wise 
information-acquisition patterns is more consistent with EQW, which ignores any distinction 
on grounds of attribute importance and simply tallies up all marginal scores. I also debate 
another claim; the idea that compensatory choice behaviour must be represented by alternative-
based information-acquisition patterns25. One key idea I find these claims lacking, is that to 
evaluate the appropriateness of attribute weights, there must have been focus on the extreme 
values of each attribute. 
 

I propose to consider limitations of working memory (Cowan, 2010) to evaluate if 
extreme values have been considered appropriately. Similar arguments about the boundaries of 
cognitive capacity form the basis of the ‘fast-and-frugal heuristics’ paradigm (Gigerenzer & 
Selten, 2002). In the MT context, cognitive boundaries imply the assumption that DMs will not 
remember all acquisitions of data. Thus, information a DM acquired previously from the matrix, 
but has not been used within the limitations of working memory, might be forgotten. I would 
only imply appropriate range consideration when lookups of extreme value information follow 
a certain rationale. I see two relevant characteristics for such a rationale, and a combination of 
both seems desirable. 1) Firstly, the DM must pay attention to the cells containing extreme 
value information. Attention to cells may be assessed with frequency and time measures. This 
argument is consistent with the occurrence assumption in Costa-Gomes et al (2001). 2) 
Secondly, all relevant data for the computation of attribute ranges must be acquired within the 
limitations of human working memory. I assume adjacency (ibid.), which states that 
information use may temporarily be approximated by information acquisition. DMs will (re) 
acquire information from the matrix, rather than hold it in memory (Willemsen & Johnson, 
2011). Thus, the best indicator of DM’s attention to attribute ranges would be if all extreme 
values were considered in perfect sequence (see analysis in Section 10.6.2.3.7). 

 

 
25 See also the experimental results by Rieskamp & Hoffrage (2008, p.265): They find that “apparently participants 
applying WADD did not determine a score for each alternative sequentially; instead they predominantly searched 
for information cue-wise and evaluated alternatives simultaneously, an alternative way of implementing WADD”. 
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I argue that attention to value trade-off information is not necessarily represented by an 
alternative-based transitioning pattern. Value trade-offs are essential for good decisions 
(Hammond et al., 2015), but one must avoid a set of common mistakes (Kenney, 2002). 
Particularly relevant here is the fact that you should not perform value trade-offs without 
considering the range of consequences (ibid., p.940). Keeney states that “you must know how 
much of each consequence you are talking about in order to make reasonable value trade-offs” 
(ibid., p.941). However, available information in a MT study is limited by working memory, 
and the above assumptions imply that subjects might (re) acquire information rather than 
keeping it stored in memory. Thus, like for attribute ranges, the best indicator for value trade-
off consideration is to acquire all relevant information in sequence. A value trade-off is 
performed between two alternatives and two attributes at a time. For instance, the question if 
you would rather decrease cost for a telephone from $230 to $200, or its failure rate from 8% 
to 4% requires a trade-off (ibid., p.935). However, you can only engage with this value trade-
off once you know the performance of each phone on ‘price’ and ‘reliability’. In a MT study, 
several data-acquisition pathways uncover this information; for example you may hover cells 
for Alternative 1 first, and then go to Alternative 2 (alternative, mixed, alternative-based 
transition; Payne Index: 1), or you may instead go by attributes (attribute, mixed, attribute-
based transition; Payne Index: -1). There exists no clear prediction on the resulting processing 
pattern. Thus, alternative-based processing does not necessarily indicate that value trade-offs 
were considered, nor does attribute-based processing have to indicate non-compensatory 
processes.  

 
In summary, my proposition emphasises the potential of psychological information-

processing measures for the identification of decision strategies. Further, in combination with 
MRTC, there is potential for the assessment of decision strategy execution with regards to 
attribute range and value trade-off consideration, which are two key components of high-quality 
decision making. 

 
 

7.3 Proposal for MRTC based on Ordinal Ranking Notation (Study 1) 
 
 

If the objective is to assess if DMs consider extreme values appropriately, they need to 
be capable of identifying and utilising those values in the experiment if they choose to do so. 
Therefore, I propose a notation for cells in the alternative-attribute matrix. Specifically, I denote 
a description to each cell that entails information about the relative magnitude of the hidden 
information’s value. With this information, subjects are enabled to employ their choice strategy 
without the need for prior exploration of performance levels. Let us start from an attribute-
alternative matrix involving three attributes and five alternatives. Next, I define that for any 
attribute the cell of the best performing alternative is denoted as ‘★★★★★’. Accordingly, the 
second-best performing alternative gets ‘★★★★’, and so on, until the alternative that performs 
worst on that criterion is denoted as ‘★’. Therefore, the stars used in Figure 7.3.1.1 clarify the 
ordinal ranking of alternatives in terms of performance. They do not provide information about 
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the degree of difference. Note that the MA choice problem in Figure 7.3.1.1 has no underlying 
dominance structure (Lee & Lee, 2004).  
 
2 - Figure 7.3.1.1: A 5 alternatives x 3 attributes MA choice matrix with proposed notation 

 
𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪 𝑶𝑶𝑶𝑶𝑪𝑪𝑪𝑪𝑶𝑶𝑶𝑶𝑶𝑶⁄  
 

 
Option 1 

 
Option 2 

 
Option 3 

 
Option 4 

 
Option 5 

 
Criterion 1 

 

11 
★★★ 

 

12 
★★ 

 

13 
★★★★★ 

 

14 
★★★★ 

 

15 
★ 
 

 
Criterion 2 

 

21 
★ 
 

22 
★★★★★ 

23 
★★ 

24 
★★★ 

25 
★★★★ 

 
Criterion 3 

 

31 
★★★★ 

32 
★ 

33 
★★★ 

34 
★★ 

35 
★★★★★ 

 
The ‘star-rating’: 
 
★★★★★ Best performing alternative on attribute 
★★★★ Second-best performing alternative on attribute 
★★★  Median performance on attribute 
★★  Second-worst performing alternative on attribute 
★  Worst performing alternative on attribute 
 

 
Potential reactivity concerns of the notation should be considered. I will do so when 

discussing the experimental setup in Section 8.2. Here, I want to focus on a demonstration of 
‘characteristic patterns’ of how different decision strategies may be executed from this matrix, 
and a discussion of related research in the next sub-section. 
 
 

7.3.1 Related Research  
 

I am not aware of prior research, which evaluated the consideration of extreme values 
within a MT study. Thus, what I refer to as related research here, are recent MT or ET 
publications that utilise notations with similar information about the magnitude of underlying 
values as Figure 7.3.1.1. I focus on recent publications because due to the sheer size of 
literature, I regard else as unfeasible. I identified two relevant papers:  

 
The first (Cohen et al., 2017) compared utility, heuristic, and dynamic models of choice 

in preferential and risky choice tasks with regards to choice and response time. They conducted 
a process-tracing study involving MT and ET. I will focus on the preferential choice setting as 
it fits our context. Cohen et al used an almost identical rating based on stars to indicate the 
magnitude of hidden information. In particular, the study employed a 3 Alternatives x 4 
Attributes matrix design (Figure 7.3.1.2). A rating of ‘one star’ indicated a value for the hidden 
information that was ‘very bad’, while a ‘five star’ rating denoted a ‘very good’ performance 
level, relative to a not closer defined ‘ideal value’ for each subject (ibid., p.48).  
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In contrast to my proposed scenario however, their notation does not allow clear 
identification of all extreme values. For instance, for the best performance level of ‘ease of 
transportation’ two alternatives yield three stars. Since stars are defined relative to subjective 
ideals, there is no clear ordinal ranking. This is true for three out of four attributes. Moreover, 
they denote two out of the three alternatives to be ‘good’ alternatives. This distinction, in 
comparison to the one ‘bad’ alternative, is based on higher mean star ratings. I will point out 
later that such a conclusion would only be reasonable for a choice scenario with specific 
characteristics, when ‘counting of stars’ is coherent with the value model. In Cohen et al’s 
paper, however, all data of subjects who select the ‘bad’ option is dismissed. Closer 
examination of Figure 7.3.1.2 shows that the ‘bad’ alternative (Apartment 2) yields the highest 
rating of five stars for the criterion ‘size’, while the two ‘good’ alternatives only rate two stars 
each. If subjects regard ‘size’ as most important criterion, there is the possibility that it could 
compensate for the handicap on other criteria. Therefore, data of DMs who chose this option 
should not be excluded. From a DA viewpoint, I conclude that attribute importance and the 
related role of attribute ranges have not been considered by Cohen et al (2017). 

 
3 - Figure 7.3.1.2: Alternative notation used by Cohen et al (2017) 

 
𝑶𝑶𝑶𝑶𝑪𝑪𝑪𝑪𝑶𝑶𝑶𝑶𝑶𝑶 𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪⁄  

 

‚Ease of 
Trasportation‘ ‚Size‘ ‚Condition‘ ‚Kitchen 

Facilities‘ 

 
Apartment 1 

 

11 
★★★ 

 

12 
★★ 

 

13 
★★ 

 

14 
★★★★★ 

 
 

Apartment 2 
 

21 
★ 
 

22 
★★★★★ 

23 
★★ 

24 
★★ 

 
Apartment 3 

 

31 
★★★ 

32 
★★ 

33 
★★★★ 

34 
★★★ 

 
The second paper (Queen et al., 2012) compares the influence of choice complexity and 

age on DM’s decision strategy usage. One of their studies was conducted with a 5 Alternatives 
x 5 Attributes Mouselab design. The paper implied use of compensatory strategies and 
heuristics from alternative- and attribute-based processing, respectively. The measures were 
total time spent on search, mean acquisition times per cell, the proportion of opened cells, mean 
number of reacquisitions, and the correlation between attribute importance and information 
acquisitions on that attribute. Based on the procedural description, attribute weights were likely 
elicited by DR. My review in Chapter 4 emphasised that DR does not explicitly consider the 
attribute ranges and should thus be considered a procedure more susceptible to biased input 
(Montibeller & von Winterfeldt, 2015). In Queen’s study, the magnitude of the hidden 
information is denoted with ‘++’, ‘+’, ‘-‘, or ‘--‘. For example, ‘++’ indicates a performance 
level, which is much better than the average among the alternatives. Ratings are distributed in 
a way that no alternative is clearly the ‘correct’ choice (Queen et al., 2012). While their notation 
inherits a similar idea to Figure 7.3.1.1, I point out two drawbacks: First, using ‘+’ and ‘-‘ to 
indicate the magnitude of values implies a neutral midpoint in between. However, this is not 
the case. Second, as can be seen in Table 2 of their publication, their notation provides no 
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ordinal ranking of options (Figure 7.3.1.3). Therefore, no clear identification of extreme values 
is possible. 

 
4 - Figure 7.3.1.3: Alternative notation used by Queen et al (2012) 

 
𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪 𝑶𝑶𝑶𝑶𝑪𝑪𝑪𝑪𝑶𝑶𝑶𝑶𝑶𝑶⁄  
 

 
Option 1 

 
Option 2 

 
Option 3 

 
Option 4 

 
Option 5 

 
‚Reliability‘ 

 

11 
- 

12 
+ 

13 
++ 

14 
-- 

15 
+ 

 
‚Design‘ 

 

21 
++ 

22 
- 

23 
++ 

24 
-- 

25 
+ 

 
‚Safety‘ 

 

31 
+ 

32 
-- 

33 
- 

34 
++ 

35 
+ 

 
‚Comfort‘ 

 

41 
+ 
 

42 
++ 

43 
-- 

44 
- 

45 
-- 

 
‚Fuel Efficiency‘ 

 

51 
++ 

52 
+ 

53 
- 

54 
+ 

55 
-- 

 
No notation is perfect. Yet, by contrasting my proposal from two similar layouts from 

recent literature, I provided reasons for my selection. I pointed out disadvantages of previous 
notations with regards to the objective of this thesis. An example is the inability to clearly 
identify extreme values. Also, from a DA viewpoint, these studies display insufficient 
understanding of the attribute importance concept, which is one key theme of this work. In 
conclusion, I regard my proposed design as advantageous and more theoretically sound. 

 
 

7.3.2 Choice Strategy Identification based on Information-acquisition Patterns 
 
‘Characteristic patterns’ may be regarded as transitioning patterns, which one would 

expect to find if decision strategies were executed perfectly. Perfect execution refers to a pure 
and efficient way to acquire all relevant data from the alternative-attribute matrix with no 
reacquisitions. Reisen et al (2008) provide ‘scan paths’ to visualise transitioning behaviour. 
They resemble the ‘acquisition route’ DMs took within the matrix. Next, I will derive 
information-acquisition patterns for all decision strategies of Table 6.1.1, based on the MA 
choice structure of Figure 7.3.1.1. This is to evaluate potential influences of the notation on the 
way that choice strategies may be executed. Circles denote ‘focus’ in the following figures, and 
arrows will indicate the ‘acquisition pattern’. 
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5 - Figure 7.3.2.1: Characteristic pattern - WADD without/with range consideration 

 
 

Figure 7.3.2.1 displays two patterns for WADD. The top matrix represents WADD as it 
is described in psychological research. The matrix shows extensive and consistent information 
acquisition in alternative-wise direction. However, only in the bottom matrix attention was 
directed towards extreme value cells. Of course, not every DM will behave like this. For 
instance, even if the decision strategy is executed perfectly, DMs may acquire information 
alternative-wise bottom-up, rather than top-down. These patterns are characteristic. The key 
point is to emphasise that anyone who intends to implement WADD appropriately should 
consider attribute ranges. If not, the resulting pattern behaves like EQW. Based on comparison 
of both matrices, I conclude the proposed notation does not change the expected information-
acquisition pattern for WADD.  
 
6 - Figure 7.3.2.2: Characteristic pattern – LIM with/without utilising proposed notation 

 

 
 

LIM chooses the alternative with the ‘least important’ bad value. Thus, it is a heuristic, 
which utilises attribute importance. The top matrix displays the ‘normal’ procedure. The 
notation enables DMs to target the worst performance levels on each attribute without prior 
exploration (bottom matrix in Figure 7.3.2.2). If a subject aims to employ LIM efficiently, there 
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is no need for extensive processing. Also, selective acquisition behaviour becomes plausible in 
this scenario. For instance, subjects can imply that the lowest performance for Option 3 (two 
stars on Criterion 2) is still better than for Option 1 (one star on Criterion 2). Essentially, 
shortcuts become sensible if DMs utilise the properties of the proposed notation. Nevertheless, 
there should be focus on extreme values to determine the most important attribute. One potential 
issue is that if people start off with determining weights, there is no need to transition within 
the matrix at all afterwards. The least important minimum can be identified immediately.  
 
7 - Figure 7.3.2.3: Characteristic pattern – LEX with/without utilising proposed notation 

 

 
 

LEX is interested in the best performing alternative on the most important attribute. 
Sometimes this condition is not implemented strictly, but rather as a semi-lexicographic 
strategy (Payne et al., 1993). For instance, if several decision options perform similar on the 
top attribute, the comparison may transition to the other attributes, until it is possible to identify 
one alternative as clearly better. I argue that this assessment requires a value trade-off, despite 
LEX being considered a non-compensatory strategy. In support Fischer & Hawkins state “the 
notion of a decisive advantage implicitly assumes the existence of a compensatory evaluation 
process” (1993, p.582). ‘Characteristic patterns’ for LEX are shown in Figure 7.3.2.3. Again, 
the notation enables shortcuts (bottom matrix), which differ from ‘traditional’ patterns found 
in psychologic studies. The displayed case is a semi-lexicographic implementation without 
appropriate range consideration (top matrix). The DM identified Criterion 2 as most important 
for his choice without referring to extreme values. Then, selective and attribute-based 
processing follows for Criterion 2 in order to identify its best values. In case there is no clear 
winner (e.g. Option 2 and 5 with similar performance levels on Criterion 2), the DM transitions 
to Criterion 3. There, he assesses the value trade-off between the Criteria 2 and 3 performance 
levels of Alternatives 2 and 5. Ultimately the DM identifies Option 5 as the superior alternative. 
The bottom matrix displays a strict LEX procedure utilising the ordinal information provided. 
All 5-star performance levels can be targeted at once. Depending on attribute importance, the 
corresponding alternative is selected. In case the most important attribute is identified upfront, 
like LIM, there is no need to transition within the matrix. This finding also applies to the Take 
the Best heuristic. As result, there is potential for significant changes to expected information-
acquisition patterns due to the proposed notation. 
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Next, we consider EBA (Figure 7.3.2.4). DMs evaluate information attribute-wise with 
regards to an a priori determined set of ‘aspects’. Any alternative, which fails to satisfy these 
cut-offs is eliminated. Therefore, choice-processing behaviour is not extensive and not 
consistent for EBA. The top matrix shows an EBA scenario, where attribute ranges have been 
considered to identify Criterion 1 as most important attribute. The information acquired on 
Criterion 1 for Option 5 does not satisfy the required cut-off point. Therefore, information 
acquisition for Criterion 2 focuses only on Options 1 to 4, where Option 1 gets eliminated. 
Finally, on Criterion 3, only Option 3 satisfies the ‘aspect’ and gets selected. For EBA, utilising 
the ordinal ranking enables a more strategic pathway, but not necessarily shortcuts. This is 
because due to specific cut-off levels, cardinal information about the strength of difference 
between alternatives is required. One approach, which is shown in the bottom matrix of Figure 
7.3.2.4, is to work through each attribute bottom-up to identify when cut-off values are not met. 
The DM may acquire information for Criterion 1 on the lowest performing Option 5 first. 
Option 5 violates the ‘aspect’ and gets eliminated. Next, he inspects the value for Option 2. 
Since Option 2 satisfies the cut-off level, he implies the remaining alternatives will also pass. 
He can immediately transition to Criterion 2, which is a shortcut (bottom matrix). However, it 
is not clear how to find potential shortcuts. Effectively, a more strategic pathway through the 
matrix does not have to result in a shortcut for EBA. Consequently, EBA is the first heuristic 
in this overview for which DMs cannot necessarily shortcut when utilising the notation. A 
potential explanation is the role that ordinal and cardinal information play during the 
execution of a choice strategy. This observation will be discussed in more depth later. 

 
8 - Figure 7.3.2.4: Characteristic pattern – EBA with/without utilising proposed notation 

 

 
 
 SAT employs selective alternative-wise information-acquisition behaviour. The top 
matrix in Figure 7.3.2.5 displays the ‘traditional’ procedure. DMs explore and acquire 
information option-based and compare values to a pre-defined aspiration level. As soon as a 
performance level fails to ‘satisfy’, the corresponding alternative is eliminated. For instance, in 
the top matrix the performance on Criterion 2 of Option 1 leads to its elimination. Option 2 is 
also dismissed because of the value on Criterion 3. Option 3 however is ‘satisfying’ and 
therefore selected. Like EBA, taking the properties of the proposed notation into account does 
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not necessarily lead to shortcuts for SAT. Nevertheless, the ordinal information may engage 
more strategic approaches to the information-acquisition pathway. An instance of this is 
displayed in the bottom matrix. The DM begins by examining the ‘lowest’ value (Criterion 2 
for Option 1). If below the aspiration level, the DM may immediately transition to Option 2, 
and so on. Notice however that there is no hint upfront on how to identify the shortcut. If the 
DM started the acquisition process top-down, rather than bottom-up, there would be no 
shortcut. In theory, trying to be strategic may even lead to more cell openings (see Criterion 3 
for Option 1). It depends on the subjective aspiration levels of the DM. Ordinal ranking 
information alone is insufficient to ensure shortcuts for SAT. 
 
9 - Figure 7.3.2.5: Characteristic pattern – SAT with/without utilising proposed notation 

 

 
 

Lastly, MCD and FRQ remain for inspection. For both strategies, the proposed notation 
presents extreme opportunity for utilising shortcuts. In fact, these two decision strategies 
require no transitions within the matrix when approached strategically (Payne et al., 1992a, p. 
109). Ordinal ranking is sufficient to execute them. In MCD you engage in comparisons of two 
choice alternatives at a time. The better option is retained and compared to the next, until there 
is a final winning alternative. Choice options are compared attribute for attribute. For the MA 
choice context depicted in Figure 7.3.1.1, this would mean that Option 1 would outscore Option 
2 on Criteria 1 and 3, thus winning the pairwise comparison. Next, Option 1 would undergo the 
comparison with Option 3, losing it due to Criteria 1 and 2. Option 3 would move on to beat 
Option 4, but finally lose to Option 5. Thus, without opening any cells, I can determine that 
Option 5 would be the selected alternative.  
 

For FRQ it might be even more simplistic, since this decision strategy only evaluates 
options in terms of ‘good’ and ‘bad’ features. The proposed star rating inherits the principle of 
‘good’ and ‘bad’ values in the number of stars that is distributed to a cell. Therefore, DMs may 
employ FRQ in this choice context like an ordinal voting rule. Ordinal preference rankings 
have been the subject of study for more than two centuries (Borda, 1781), and there exist 
numerous procedures reviewed by Cook (2006). Techniques can be grouped by the degree that 
they consider ordinal and cardinal information (Lansdowne, 1996). The general idea of an 
ordinal ranking problem is to combine several preferences, which are expressed by rankings, 
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into a consensus (Cook & Seiford, 1982). This type of problem relates to election procedures. 
However, it easily translates into the MA choice context, by referring to attributes as voters. 
My proposed notation states the ordinal ranking clearly. The traditional approach to solve an 
ordinal ranking problem, Borda’s method of marks (Cook, 2006), is to consider the total sums 
of ranks assigned to an alternative. In our context, this is equivalent to ‘counting the stars’. 
Thus, application of this rule does not require acquiring any performance-level information, 
and would select either Alternative 3 or 5, which both yield a total of 10 stars. 

 
Yet, the accuracy of rules like Borda’s method is doubtful if strength of preference 

(Cook & Kress, 1985) and voter power (Cook, 2006) is considered. In the classical voting 
context, some people might indicate a strong preference for one candidate, while others may be 
indifferent between options. Cook & Kress (1985, p.26) argue that when taking account of 
strength of preferences, one might end up with a different consensus. In the MA choice context 
of this work, the intensity of preference is influenced by the way that performance levels are 
spread on attribute scales. If the distance between star-rated performance levels varies greatly, 
one cannot assume that ‘counting stars’ will appropriately describe the DM’s actual value.  
Consider the following smartphone selection task. One option has a 5-star performance ($80) 
on ‘price’ and a 2-star performance (20 hours) on the ‘battery’ attribute, while the competing 
option has a 4-star performance on both criteria ($250, 25 hours). Even though, the second 
smartphone yields a higher total of stars, the spread of performance levels on ‘price’ and 
‘battery’ attributes may induce preference for the first phone. ‘Battery’ levels are more densely 
located on the attribute scale (Fasolo et al., 2009), which theoretically incentivises to weigh 
differences in ‘price’ more heavily.  

 
Also, voting power can impact the consensus of Borda’s method. However, this problem 

is largely ignored in the literature (Cook, 2006, p.381). As Cook points out, considering voting 
power basically transforms the whole situation into a MCDM problem. For MAVT, the voting 
weights then are the attribute weights used to scale the marginal values. From this analogy it 
follows that influencing either the marginal values (by considering strength of preference) or 
the attribute weights (by considering voting power) has the potential to change consensus, when 
utilising a technique solely based on ordinal-ranking information.  
 
 

7.3.3 Implications for further Proposals 
 

I conclude with a summary of what the findings of my previous demonstration imply 
for further steps. One of the aims is to assess if the ability, failure, or ignorance to consider 
attribute range and value trade-off information affects value model consistency and range 
sensitivity. For this, I plan to identify the decision strategy used and evaluate its degree of 
execution. This potentially uncovers underlying causes when people fail to be consistent with 
elicited value model information. The key idea of Study 1 is to enable DMs to identify extreme 
values upfront. I suggested a notation based around an ordinal ranking. With such ranking, 
information about extreme values can be acquired without the need of exploration, which 
otherwise could be forgotten by people due to memory constraints. In my notation, a star-rating 
scheme provides this ranking for all alternatives on every attribute. I derived ‘characteristic 
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patterns’ for decision strategies of Table 6.1.1. I found potential changes in the pathways to six 
of the seven decision strategies if ordinal-ranking information is considered strategically. All 
six strategies are choice heuristics. The changes suggest potentially severe shortcut potential. 
People have been shown to adapt choice behaviour in intelligent fashion (Payne et al., 1993; 
Fasolo et al., 2003). An approach for strategy identification using the previously introduced 
measures and metrics (Table 7.1.1) cannot be properly applied once processing patterns vary 
significantly from previous descriptions. Consequently, I want to discuss the issue.  

 
The layout of Study 1 may produce unexpected transitioning patterns. However, it 

seems the potential for shortcuts is more profound for decision strategies, which focus on 
ordinal information. For instance, I covered the extreme cases of MCD and FRQ, which do not 
require the acquisition of any information once an ordinal ranking is provided. Depending on 
the criteria-weighting element and the strictness of application, some forms of LIM and LEX 
also do not necessitate acquiring performance level information. Contrary, the pattern of 
WADD, a strategy that processes cardinal information, remains unchanged. For EBA and SAT 
the situation is unclear. I demonstrated strategic approaches for both strategies. However, 
without knowledge of hidden performance levels, there is no way to ensure that shortcuts are 
realised. Instead, in the case of SAT there even is potential for indirection. The reason for this 
is that both strategies involve the retrieval of subjective aspiration-level information, which is 
utilised to eliminate alternatives. Usage of aspiration levels goes beyond ranking of alternatives, 
and thus EBA and SAT inherit a sense of cardinality.  
 
10 - Figure 7.3.3.1: Schematic presentation of shortcut potential in Study 1 

 
 

The proposed Study 1 design allows evaluating how strategic DMs approach a choice 
context. I want to identify decision strategies at least on the ML. The ability to shortcut through 
the information-acquisition stage appears to be dependent on the degree of ordinal and cardinal 
information used for executing a strategy, which applies to all six choice heuristics. This 
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property can distinguish WADD from heuristic approaches (HEURISTICS) in Study 1. It is 
interesting to assess how well WADD fares in terms of consistency against HEURISTICS. 
MAVT suggests that strength of preference matters. Therefore, I assume that ordinal strategies 
should perform worse in terms of consistency in more non-linear choice structures, such as 
when performance levels are more spread on the attribute scale, and when attribute weights are 
more unequal (see Figure 8.2.3).  

 
One goal of this thesis is to extend data analysis from consistency-related to a set of 

process-related measures. For this purpose, I proposed MRTC. This approach may detect causes 
for inappropriate decision strategy execution, which are related to two key pillars of high-
quality decision making. The thesis will also test the prescriptive potential of this idea. A video 
intervention will show if making the concepts of attribute importance and value trade-offs more 
salient to subjects can improve their application. I will analyse the impact of the intervention 
on MRTC, on value model consistency, and on its potential to mitigate the range insensitivity 
bias. The experimental setup of Study 1 will be outlined in Chapter 8.  

 
In summary, ordinal ranking notation provides several potential insights. However, they 

come at the cost of potential shortcuts in the information-acquisition stage. The occurrence of 
shortcuts may impact data analysis, specifically decision strategy identification based on 
measures and metrics from previous literature. Therefore, I offer a complementary proposal in 
the next section to mitigate this drawback of Study 1.  
 
 

7.4 Proposal for MRTC based on emphasising Cells (Study 2) 
 

I argued that focus on extreme values within the alternative-attribute matrix plays a 
crucial role for the MRTC concept. Now, I propose an experimental design, which is based on 
a different coping mechanism for cognitive limitations. This alternative approach avoids 
notation altogether. Thus, I expect rigorous findings from Study 2, as reactivity concerns can 
be eliminated. Also, information is less pre-structured, addressing another critique of MT 
studies. The design of Study 2 has fewer stages than Study 1. This weakens alternative 
explanations for potential effects from prescriptive intervention. In Study 2, DMs will engage 
with typical MA choice problems. The top matrix in Figure 7.4.1 displays an exemplary context 
of a three-attribute CAR choice. The attributes are ‘price’, ‘performance’ and ‘age’. DMs need 
to explore the alternative-attribute matrix by hovering over cells. Contrary to Study 1, subjects 
cannot approach the choice-processing stage strategically from the start. Thus, DMs should 
follow transitioning patterns, which correspond with prior literature. This aspect will allow 
more precise decision strategy identification. 

 
The key idea of Study 2 is to enable DMs to emphasise cells in the matrix, by 

highlighting relevant information after it has been acquired (‘clicking feature’). The top matrix 
in Figure 7.4.1 depicts all underlying performance levels which only become visible when 
hovering or clicking the corresponding cell. If a cell is clicked, the underlying information is 
uncovered permanently until the end of the choice process. In the bottom matrix, orange boxes 
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represent emphasised cells. Highlighted performance-level information remains accessible 
even when no hovering takes place. This way DMs can cope with cognitive limitations.  

 
11 - Figure 7.4.1: Discrete MA choice problem with ‘highlighted’ cells 
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The ‘clicking feature’: 
 

• Every DM has the option to use the ‘clicking feature’ 
• Cells, which are clicked upon (highlighted/emphasised), remain permanently open 

independent of hovering behaviour 
• The number of clicks is limited to six occasions 
• Clicks cannot be reversed or changed in any way 

 
Furthermore, information about what cells are highlighted provides a strong measure of 

focus. I reviewed that focus on specific pieces of information is inferred from frequency and 
time measures in MT. However, the decision to click on a cell does not require any inferences. 
The ability to emphasise cells needs to be constrained to be useful. Further, to prevent 
exploitation, highlighted cells must not be changed anymore. Consequently, every decision to 
click a cell is a conscious choice itself. Figure 7.4.1 shows the experimental design of the pilot 
study involving 15 cells. I argue that taking capacity of working memory into account (Miller, 
1956), a sensible limit for the ‘clicking feature’ should be six occasions. Also, there is a total 
of six extreme values to be found in a problem with three attributes. In theory subjects could 
highlight all extreme values to indicate focus on attribute ranges, but they do not have to. During 
the pilot study, there will be no incentive other than trying to select the best alternative. In fact, 
DMs reserve the right to not highlight any information at all.  
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I state three benefits of this approach: Firstly, as this proposal involves no notation, 
reactivity concerns can be mitigated. Subjects are expected to acquire information in similar 
pathways as in previous research; at least during the exploration period when no cells are 
emphasised yet. Thus, I argue that no specific information-acquisition pattern is induced. 
Secondly, since I expect no significant changes to transitioning patterns, I should be able to 
identify decision strategies more precisely. Lastly, I can utilise data about highlighted cells for 
analysis. The conscious choice of what cells to highlight, and the path towards that decision, 
provides a strong measure of attention.  

 
I next contrast the Study 2 design from previous literature. I have strong reasons to 

believe that the proposed layout is novel for a MT study using Mouselab. While I discuss this 
topic in more depth in Section 8.3 and its APPENDIX, the short version is that I contacted the 
developer of Mouselab, Martijn Willemsen, about the possibility to implement the stated 
characteristics using his feature. According to him, the simultaneous use of hovering and 
clicking does not work in Mouselab unless the underlying JavaScript file is edited in a 
significant way. He was not aware of any previous efforts to do so. Therefore, I am confident 
that there exists no working solution. Also, search for related literature did not bring up results. 

 
To conclude this chapter, I provide a brief summary of the main points: I have discussed 

information-processing measures from the literature, and how the proposed MRTC concept can 
complement them in evaluating choice quality from the decision-making process itself. After 
introducing the rationale behind MRTC, I suggested two possible set-ups. The first, which 
further will be called Study 1, utilises a ‘star-rating’ as notation for the alternative-attribute 
matrix. The second, to which I will refer as Study 2, implements a ‘clicking feature’ that allows 
DMs to highlight particularly important information during the choice process. Next, I will 
present the experimental design of both studies.   
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8.  Experimental Design 
 
 

In the previous chapters, I referenced different strands of literature to develop a concept 
to evaluate choice quality by tracing the decision-making process. Particularly, I introduced 
two possible layouts, which are based on the idea of assessing attribute range and value trade-
off consideration. In the present chapter, I now move beyond the conceptual work and explain 
how to convert these ideas into two experimental settings to collect pilot data for the data 
analysis of Chapter 9. The two experiments have the following components, which I will 
discuss in-depth: the elicitation of the value model, the choice problems of Study 1, the choice 
problems of Study 2, and the prescriptive video intervention stage.  

 
 

8.1 Elicitation of the Value Model  
 

The traditional outcome-based measure, which I will also use here, is to measure 
expected value. The expectation is based on elicited preference information. I elicit marginal 
value functions as well as attribute weights for every participant of the experiment. The value 
model is then calculated using the additive value function, which I presented in Section 4.2.1. 
The corresponding equation is given below. As discussed previously, V(x) represents the 
overall value of an alternative x. The product of wivi(x) is summed up over m attributes. vi(x) 
describes the performance of alternative x on the marginal value function of an attribute i. wi is 
the relative importance of attribute i for the DM. 

 
 V(x) =  ∑ 𝑤𝑤𝑚𝑚

𝑖𝑖=1 i vi(x) (8.1.) 

The value model serves important purposes during data analysis. For instance, since the 
analysis of MRTC is a novel procedure, it has not yet been established that improvements of 
the decision-making process, according to MRTC, lead to better coherence with the value 
model (‘value model consistency’). In that aspect, the consistency check is crucial to develop a 
better understanding for the interpretation of experimental results. Another purpose is to use 
the elicited attribute weights to assess the range sensitivity of subjects, and specifically to 
analyse the impact of the prescriptive video intervention stage. This will be discussed once I 
present the stages of Study 1. Lastly, my review of quality measures in Chapter 5 showed that 
a combination of outcome- and process-related measures has rarely been used in previous 
research. ‘Triangulation’ (Salkind, 2010), which is the measurement of one phenomenon26 in 
several ways, is advantageous as it provides “multiple lines of sight and multiple contexts to 
enrich the understanding of a research question” (ibid., p.1538).  
 

 
26 In this case, the target I want to measure is ‘decision quality’ in a MA choice context. 
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 A remedy of Mouselab as MT tool is the challenge to implement an intuitive value 
model elicitation procedure. I tackled the issue by creating two questionnaires for the elicitation 
tasks for Study 1 and 2 using Qualtrics27. Qualtrics provides numerous design possibilities for 
questionnaires. Also, by using the Loughborough University subscription, I was able to use its 
features for free. The final version of each questionnaire, which I used during the main data 
collection, can be found in APPENDIX to Section 8.1. In both resulting surveys, the 
questionnaire starts with a consent form before collecting demographic data of every 
participant. This data is important to connect each Qualtrics data point later with the 
corresponding data point from the Mouselab database. The need to transfer back and forth 
between Mouselab and Qualtrics is one drawback of the design. Within Qualtrics I implemented 
the necessary transition pages to Mouselab, and questions to elicit marginal value functions and 
attribute weights. For the elicitation procedure, I used DR for marginal value functions and 
SWING for attribute weighting.  
 
 I implemented DR for elicitation of marginal values, as shown in Figure 8.1.1. Since 
Study 2 has fewer stages than Study 1, I used artificial interpolation values, additional to the 
ones from the actual choice problems. I did this to deal with potential non-linearity of value 
functions (Stewart, 1996). For Study 1, I stated performance levels from all stages of the 
experiment. This provided enough interpolation points. Also, this demanded subjects to assess 
marginal values relative to the complete choice context. The elicitation questions referred to 
the whole range of consequences and anchored the best and worst values to scores of 0 and 100. 
Anchoring was repeated for the ‘elicitation sliders’, by providing default scores of 0 and 100 
for the extreme values. However, subjects could change default values by moving the sliders. 

 
After some consideration, I assigned a default score of 50 to the remaining performance 

levels (Anderson & Clemen, 2013, p.130). Subjects shall adjust marginal values for each 
performance level relative to the anchored endpoints to indicate their strength of preference. 
Any design choice for default values may influence behaviour. I argue though the design from 
Figure 8.1.1 supplies a logical lower and upper bound, within which one assigns values for the 
remaining levels, with all intermediate options being equal. The only reasonable approach is to 
assign higher marginal values to more fuel-efficient cars, since associated costs are lower. In 
fact, if DMs do not obey to this monotonicity requirement for the ‘mileage’ criterion, it may be 
assumed that they did not pay attention to their answers. Based on this reasoning, I will discuss 
the appropriateness of every attribute used in the pilot study relative to characteristics described 
previously (preferential independence, non-linearities, nature of the scale: Table 4.2.2.1). Thus, 
I confirm if the additive value function will be appropriate for aggregating scores during 
analysis. 
 
 

 
27 https://www.qualtrics.com. 
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12 - Figure 8.1.1: Marginal value elicitation with Qualtrics 

 
 

My review showed that, with concern to human biases, criteria weighting is a 
challenging elicitation task. Consequently, I used a design that resembles SWING for attribute 
weight elicitation, where DMs indicate the desirability of swings from worst to best 
performance levels. I achieved this by a similar layout as Anderson & Clemen (2013). I 
presented all possible swings (Shift 1-3) and asked people to assign relative importance to each 
one. Contrary to Anderson & Clemen who used qualitative assessments, I stuck to the original 
quantitative approach. I instructed people to indicate relative importance on a scale from 0 to 
100. The most important swing should be assigned 100, and the remaining swings should be 
evaluated relative to it (Gregory, 2000, p.160). Attribute ranges were made salient by stating 
them explicitly in the questionnaire, as well as above each ‘elicitation slider’. A scale from 0 to 
100 was also provided on top of the sliders for visualisation of attribute importance being low 
or high (Figure 8.1.2). 

 
For attribute weight elicitation, I set the default values for weights to 0, as I believe this 

to be the most neutral position. For instance, setting them to 50 may incentivise subjects to treat 
them as equal weights. I argue that the position at 0 suggests weighting has not yet taken place. 
To emphasise this, I force people to ‘touch’ each slider at least once. That means even if people 
intend to set weights to 0, they must touch or move the corresponding slider with their mouse 
to be able to proceed to the next section of the survey. Otherwise, an error message occurs. This 
way I mitigate any influence on behaviour. If people do not assign 100 to the most preferred 
swing, I will use normalisation procedure to adjust weights during data processing. This 
concludes my approach for value model elicitation. Next, I introduce the stages of Study 1. 
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13 - Figure 8.1.2: Attribute weight elicitation in Qualtrics 

 
 

 

8.2 Choice Problems of Study 1 
 

In Study 1, I assess attribute range and value trade-off consideration via data collected 
from a performance matrix. Ordinal ranking information is presented to the subject via the ‘star-
rating’. One important design choice is to select appropriate choice problems (CP) for the 
experiment. I chose a relatively important context, but one that most participants are not 
familiar with. In such situation’s preferences are likely to be constructed (Payne et al., 1999, 
p.262). Thus, I can test the prescriptive intervention’s ability to guide participants towards 
intelligent action. A typical choice context for such a scenario is the selection of a car (Jaccard 
et al., 1986) or flat (von Winterfeldt & Edwards, 1986). I use the 5 Alternatives x 3 Attributes 
MA choice structure from Figure 7.3.1.1. Based on previous research (Senter & Wedell, 1999, 
p.430), this task size should be sufficiently complex to be hard but manageable. This provides 
an appropriate choice environment to evaluate unassisted decision-making behaviour against 
the impact of a prescriptive intervention. Complexity in this setting arises from task-based 
factors such as number of alternatives and attributes involved (Ford et al., 1989), as well as 
context-based factors such as similarity of options (Biggs et al., 1985) and conflicting objectives 
(Pfeiffer et al., 2015, p.263).  
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I selected the attributes ‘price’, ‘age’, and ‘gas mileage’ to describe choice alternatives. 
‘Price’ and ‘age’ are natural attributes, while “miles per gallon is a widely used proxy for […] 
cost per mile driven” (Fischer et al., 1987, p.198; Jaccard et al., 1986). In my opinion, these 
attributes are as direct, understandable, operational, comprehensive and unambiguous as 
possible (Table 4.2.2.1). I presume DMs prefer lower priced, younger, and more fuel-efficient 
cars, and that these preferences are monotone. The range of consequences for ‘age’ will only 
span to 53 months for Study 1 and 72 months for Study 2, so that no ‘Oldtimers’ are considered 
that may threaten this monotonicity assumption. Also, these attributes are preferentially 
independent. It is unlikely, for instance, that someone starts preferring older to newer cars once 
car prices become cheap28. As mentioned, non-linearity concerns are treated by the value model 
elicitation procedure (Figure 8.1.1). 
 
14 - Figure 8.2.1: Choice problems of Study 1 

 
 
Figure 8.2.1 introduces the specific performance levels used in each CP of Study 1. 

Before subjects acquire information by hovering cells, they can only see the ‘star-ratings’. 
These ratings are consistent throughout all CPs. For ordinal approaches like ‘counting stars’ 
(FRQ) the predicted selection is thus Alternative 3, as it yields ten stars. Options 1, 4, and 5 
total nine stars, and Option 2 sums to eight stars. I further predict the best alternative for every 
CP, based on the assumptions that people use concave marginal value functions and start with 
equal weights for all attributes in the first CP. As Hsee & Rottenstreich (2004, p.28) note, “real-

 
28 A more rigorous check would be to test the definition for the ‘preferential independence’ property (Montibeller 
et al., 2020): see APPENDIX to Section 8.2. 
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world value functions are typically concave” so that the marginal value increment of increasing 
performance levels decreases. Also, the equalising bias has been considered in the debiasing 
(Montibeller & von Winterfeldt, 2015), and the heuristics literature (EQW). So, these 
assumptions should be adequate for a significant proportion of the population. Considering the 
change in attribute ranges for CP3 and CP4, value models can be computed (Figure 8.2.3). The 
‘Rank’ row in Figure 8.2.129 states the ranking of each alternative respective to its ‘star count’. 
The green and red cells indicate the ‘winning’ and ‘losing’ alternative for each CP, based on 
the calculated theoretical model, which is used for prediction. This model is given in Figure 
8.2.3 later, after the procedure of Study 1 has been described.  

 
Participants perform a total of five MA car selection tasks (Figure 8.2.2). The first four 

CPs vary from each other. However, they appear similar if no local context is considered, as 
the ‘star-rating’ distribution on each cell is identical throughout all tasks. The intent behind the 
design is to vary attribute ranges and spread of performance levels on the attribute scale. I 
previously derived the MRTC concept from literature. Von Nitzsch & Weber (1993) encourage 
research on the interplay of attribute range awareness and the range insensitivity bias. Thus, in 
the unassisted part of Study 1 (CP1-4), I observe how subjects take attribute ranges into 
consideration, and how this consideration impacts their range sensitivity once ranges are 
manipulated, as well as their value model consistency. The second aspect, the spread of 
performance levels, is varied due to the observation from Chapter 7 that the notation of Study 
1 may lead to shortcuts in the information-acquisition stage for decision strategies, which focus 
on ordinal information. This is in line with Hensher (2006) who claims that shortcutting is not 
necessarily a primary reaction to complexity. Alternatively, he expects such behaviours to occur 
for choice strategies that inherit “elements of coping and relevancy” (ibid., p.874). From that 
angle, for choice approaches that deem the content of the notation as relevant, we might find 
more shortcut occurrences. As I will show in the discussion of Figure 8.2.3, I expect 
HEURISTICS to perform worse in conditions with more spread performance levels, cause then 
‘cardinal differences’ impact the predicted coherence of the value model with ‘counting stars’ 
type of strategies.  

 
After the unassisted part (CP1-4) follows the prescriptive video intervention stage, after 

which Choice 4 (Figure 8.2.1) is repeatedly presented to participants. By doing so, the 
prescriptive impact on choice behaviour can be unambiguously assessed. To measure range 
sensitivity, I elicit weighting information after each selection task via Qualtrics (Figure 8.2.2). 
This provides two elicitation rounds for each attribute range. Such redundant assessments 
during elicitation are recommended by Anderson & Clemen (2013). Without decision support, 
DMs are likely to be inconsistent in their judgments due to their lack of familiarity with the 
context (ibid., p.123). I expect that in the unassisted bias-prone attribute-weighting stage, the 
redundant judgments will help to reconcile these effects. After the prescriptive intervention, I 
elicit weights once more to evaluate changes due to the prescriptive video. Finally, I compute 
marginal value functions using the survey data discussed in the previous subsection.  
 

 
29 Please note that the ‘Rank’ row is of course not shown to participants during the experiment. I only added it to 
Figure 8.2.1 to demonstrate the mismatch between the predictions of the theoretical model (Figure 8.2.3) with a 
‘counting stars’ heuristic. 
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15 - Figure 8.2.2: Stages of Study 1 

 
 
Next, I discuss the complexity manipulations. Lurie (2004, p.476) implemented a 

somewhat analogue procedure to manipulate information structure. However, he states and 
supports the hypothesis that more evenly distributed attribute levels lower value model 
consistency. This is related to the idea of similarity (Biggs et al., 1985). According to Pfeiffer 
et al (2014, p.3), “similarity captures the degree to which alternatives differ from each other”. 
There is empirical evidence that more similar choice options can contribute towards higher 
context-based complexity (Pfeiffer et al., 2015). One measure for similarity is the attractiveness 
difference of alternatives (Böckenholt et al., 1991). Based on the calculations shown in Figure 
8.2.330, attractiveness differences across alternatives become more profound in my experiment 
from CP1 to CP4, which according to that viewpoint indicates a less complex choice context. 
However, I debate this apparent conflict. 1) First of all, “there is neither a common definition 
nor operationalization of task complexity” (Speier, 2006, p.1117). 2) The task sizes used to 
establish this proposition in Lurie (2004: 18 or 27 alternatives) and Fasolo et al (2009: see Table 
1) vary greatly, as they are related to consuming decisions. Consuming decisions are often of 
very different nature than the more consequential settings I am studying here. 3) Evaluating 
complexity must consider the interaction between DMs and the choice task (Speier, 2006). I 
will do so next.  
 
 

 
30 There are two columns with numbers below each alternative. The left number states the marginal value for each 
attribute. The right number states the weight for each attribute. The calculations apply the additive value function. 
All values are computed accordingly. For instance, the total value of Alternative 1 (A1) in CP1 is calculated the 
following way: V(A1) = 0 x 1

3
 (Fuel) + 100 x 1

3
 (Age) + 50 x 1

3
 (Price) = 50. 
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16 - Figure 8.2.3: Expected value predictions for Study 1 
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It follows a discussion of the consistency of ‘star ratings’ with value model predictions 
(Figure 8.2.3), as well as the structural complexity of the stages from Choice 1 to Choice 4 
(Figure 8.2.1). Distances between performance levels within each attribute are constant in 
Choice 1. As presumed, ordinal rules like ‘counting stars’ are indeed coherent in their 
prediction with the theoretical model in this scenario. For the stated assumptions, the ‘star-
rating’ presents the hidden information precisely. However, this changes once the within-
attribute spread is unequal (Choice 2), or the attribute ranges are manipulated (Choice 3). From 
Choice 2 onwards the predictions do not match anymore. The prediction model gives as best 
and worst alternatives Option 1 and 5, respectively. After attribute ranges are changed 
(Criterion 1: Factor 2; Criterion 2: Factor 1.5; Criterion 3: Factor 0.5), Alternative 5 is best and 
Alternative 1 is suddenly among the worst options. Once you combine both effects in Choice 
4, the alternative’s differences in performance relative to the prediction model become even 
more profound.  

 
When comparing Choice 1 and 4 in terms of their structural difficulty, I argue that 

Choice 4 is more complex. 1) The manipulation of attribute range, based on the assumption 
of equal attribute weights for Choice 1, implies that calculation of scores for WADD users 
becomes increasingly difficult, as scaling factors become more unequal. As consequence, 
tallying is likely less accurate, while more effortful multiplication is necessary. With respect to 
LEX strategies, failure to identify the impact of the attribute range manipulation on weights, 
can produce errors in identifying the most preferred attribute. For strategies that do not consider 
attribute ranges, the resulting effect on consistency depends on chance. 2) The manipulation 
of intra-attribute spread, towards more unequal distances between performance levels, 
introduces error into the calculations if the local context is not considered. For Choice 1 (Figure 
8.2.3; CP1 – Fuel), due to equal attribute level distance, the assumption of linear marginal value 
functions is correct. In that case, the ordinal star ranking with its inherent linearity assumption 
coheres with the value function. After the manipulation of attribute level spread (Figure 8.2.3; 
CP4 – Fuel), the concavity of the marginal value function is likely more profound, which results 
in a greater difference between the value function and the star ranking. This error is represented 
in Figure 8.2.3 as the distance between both, the concave and linear, functions for CP4 – Fuel. 
A supporting argument from literature is the advice to capture non-linearities when modelling 
value functions by interpolating points (Stewart, 1996). The objective of interpolation is to 
detect such differences. As consequence from the predictions underlying Figure 8.2.1, reliance 
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on a purely ordinal strategy for Choice 4 may lead you astray. The initial best option, 
Alternative 3, performs worst in Choice 4.  

 
In summary, I argue that the CPs for Study 1 are appropriate with regards to the 

objectives of this thesis. They achieve in evaluating different choice approaches (ordinal vs. 
cardinal, heuristic vs. sophisticated) in a set of MA choice contexts, which vary in structural 
complexity. One of these variations, the manipulation of attribute ranges, allows studying the 
interplay of range awareness and the range insensitivity bias. CP4 represents a setting in which 
DMs may fail to adapt correctly (Bettman et al., 1993), as the structural changes are not obvious 
due to the ‘star ratings’ being constant throughout all tasks. This provides opportunity for a 
prescriptive intervention stage (Section 8.4). I will assess its influence on choice behaviour in 
terms of outcome- and process-related measures, by comparing variables pre- and post-
intervention. 

 
Lastly, I describe the implementation of Study 1 and related reactivity concerns. I run 

the experiment over my website. In the questionnaire, I link back and forth between Qualtrics 
survey and corresponding Mouselab pages. I followed a manual (Willemsen & Johnson, 2018) 
to create and connect a secure SQL database. Thus, all experimental data is automatically saved 
and readily available for further processing. Mouselab further provides a ‘Designer’ tool31 to 
create the data files for the CPs. The main change to the standard MT design is the ‘star-rating’ 
description for cells. Within every CP, I display alternatives as columns and attributes as rows. 
I chose this order because it fits best on computer screens of the PC lab. Below the attributes, a 
fourth row is located with ‘selection buttons’, which are used to indicate the final choice. An 
exemplary Mouselab page is provided in APPENDIX of Section 8.2 for both experiments to 
clarify the design. Each Mouselab page ends with a thanking note.  

 
While this procedure is frequently used, the consideration of display design is crucial in 

MT studies (Willemsen & Johnson, 2011). Sundström (1987), however, found that choice 
strategy selection was not affected by display design. It is common practice to counterbalance 
the order of attributes and alternatives in MT studies. One reason is the tendency in western 
countries to process information from top-to-bottom and left-to-right. Thus, attentional 
differences towards information may be caused by the display design if no countermeasures are 
taken. Carlson et al (2006) show that the order of attributes, which favours specific alternatives, 
can also affect selection. Due to conflict of objectives and lack of dominance structure in Study 
1, this further emphasises the need for counterbalancing. Other than that, I identify the inherent 
reactivity concerns for MT itself as potential limiting factors. These have been discussed in 
Section 6.4. Next, I will introduce the experimental layout of Study 2. 

 
 
 
 

 
31 https://www.mouselabweb.org/designer. 
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8.3 Choice Problems of Study 2 
 

Study 2 was designed to mitigate potential drawbacks of Study 1. The main issue I 
expect is difficulties during decision strategy identification due to shortcutting behaviour. As a 
result, the display in Study 2 provides no notation of cells. In Study 1, the notation enables DMs 
to employ their decision strategy strategically. Due to this, Study 1 consists of several stages 
that vary in terms of attribute range and within-attribute spread of performance levels, which 
allow for assessments of attribute range sensitivity. Study 2 drops most of these properties.  

 
17 - Figure 8.3.1: Choice problems of Study 2 

 
 

Therefore, I designed only two CPs for Study 2. Figure 8.3.1 presents them. Again, 5 
Alternative x 3 Attribute matrices are used. Because this experiment does not consider range 
sensitivity, there is no need for attribute range manipulation. Consequently, Study 2 can utilise 
two unrelated selections tasks (CAR & FLAT). I argue that by this design choice, potential 
improvements due to the intervention stage are more attributable to the prescriptive video itself, 
rather than learning effects. I deduce for the Qualtrics survey of Study 2 that weight and 
marginal value functions must be elicited after each CP (Figure 8.3.2). 

 
The attributes for the car selection task (CAR) are identical to Study 1. Performance 

levels are adjusted, however. In Study 2, I do not predict alternative performance. The emphasis 
is to create a scenario without a clearly superior alternative. One detail I must discuss is the 
magnitude of attribute ranges used. Study 2 does not consider RSI, but in the data analysis stage 
I plan to evaluate range awareness through the MRTC concept. Thus, in both CPs I appointed 
the range for one attribute in a way that I assume it to be less discriminating than for remaining 
criteria. Payne et al (1992a) refer to this as dispersion in weights. In CAR, this is the ‘price’ 
attribute, which only ranges from £4,700 to £6,100. I expect participants, who declare attribute 
importance without considering local context, and thus potentially end up overweighing ‘price’, 
may therefore tend to be less consistent with their elicited value model.  
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18 - Figure 8.3.2: Stages of Study 2 

 
 

Choice 2 is a flat selection task (FLAT). The attributes are ‘rent’, ‘size’, and ‘commuting 
time’. I consider ‘rent’ and ‘size’ as natural attributes for the fundamental objectives of 
‘minimising costs’ and ‘maximising space’. ‘Commuting time’ is an attribute constructed with 
the intent to assess the quality of a flat’s ‘location’. Commuting time to work has been shown 
to impact job search behaviour (van Ommeren, 1998; Stutzer & Frey, 2008). Thus, I infer that 
it is an important criterion for flat selection tasks. Previously, von Winterfeldt & Edwards 
(1986) utilised a similar rationale to evaluate beach apartments with respect to their distance to 
the ocean. I believe ‘commuting time’ satisfies all properties of Table 4.2.2.1. In fact, it is a 
better indicator than ‘commuting distance’, as it directly measures the ‘cost of commuting’ on 
the time dimension. Distance does not necessarily correlate with the required effort needed to 
reach your workplace. ‘Commuting time’ can be measured for all alternatives, and subjects 
should have a precise understanding of its meaning. I assume participants prefer flats that are 
lower-priced, more generously spaced, and impose less commuting time. I further argue that all 
three criteria are preferentially independent, as the performance on one attribute should not 
impact the other ratings. For example, for the case of relatively cheaper flats I still prefer more 
space and less commuting time 32 . In FLAT, I set the attribute range of ‘size’ as less 
discriminating for the selection, as it only ranges from 580 to 695 square foot. Consequently, I 
suspect that ‘rent’ and ‘commuting time’ should receive higher weights on average. Figure 8.3.1 
displays the specific performance levels for CAR and FLAT. 

 
The creation of displays in Mouselab followed the same process as for Study 1, except 

that no notation for cells is provided. Thus, the discussion of reactivity concerns from Study 1 
still holds and the same counterbalancing procedure is implemented (Willemsen & Johnson, 
2011). The main distinguishing factor for Study 2’s implementation is the instalment of the 
‘clicking feature’. Based on my discussion with Martijn Willemsen, the feature required editing 
the underlying JavaScript file. My friend Micha Wiegel, who is a student of computer science 

 
32 For additional tests of ‘preferential independence’ see Lai (2001). 
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and artificial intelligence, assisted me with this step by doublechecking my editing. We focused 
on practicality and functionality of the adaptation. Practically, the identification of ‘highlighted 
cells’ from the processing data must be necessary without interfering with the calculation of 
other variables. Functionally, subjects must be able to combine hovering cells for temporary 
and clicking cells for permanent information reveals. Further, the number of available clicks 
must be limited to six occasions and usage of clicks must be irreversible. These properties were 
implemented by adjusting two functions of the original JavaScript code 33 . ‘Function 
ShowCont(fieldname, objEvent)’ on line 225 and ‘function HideCont (fieldname,objEvent)’ on 
line 287 were replaced, as shown in APPENDIX to Section 8.3. The adjustments circumvent 
interference issues between the hovering and clicking features. 

 
The proposed adjustments are the first working solution that I am aware of for the stated 

problem. It is not a perfect solution, but it is functional. The main drawback is that time 
measurements are influenced as they are computed as the time passed between a cell’s opening 
and closing. Because ‘mouseout’ events are dropped by the adjusted code, time measurements 
for clicked cells now count the time from the cell opening until the moment a final selection 
was made. The time someone spent on a clicked cell can still be inferred from the data, but it is 
not as straightforward. Thus, in the pilot of Study 2 I focus on frequency measures to evaluate 
attention towards particular cells of the matrix, as they should correlate strongly with time 
measures.  

 
 

8.4 Prescriptive Video Intervention 
 

The last component for the two pilot experiments is the development of a prescriptive 
intervention stage (Brown & Vari, 1992; Brown, 2006; Riabacke et al., 2012). As I want to 
measure choice quality respective to the MRTC concept, the main prescriptive intent is to 
mitigate the occurrence of range insensitivity among subjects. Montibeller & von Winterfeldt’s 
paper (2015, p.1234) recommends the following debiasing techniques: 1) Make attribute ranges 
salient, 2) use value trade-offs and 3) multiple elicitation procedures. Previously, I have 
discussed these concepts and shown applications. For example, to address range insensitivity, 
Pöyhönen & Hämäläinen (2000, p.275f) focused on teaching. They led a workshop in which 
students worked through experimental tasks and discussed results interactively. Then answers 
were provided, and the importance of attribute ranges was explained to students.  

 
For my prescriptive intervention, I intend to showcase the connection between attribute 

range and attribute importance via an example from a familiar choice context. This is to increase 
the usefulness of the intervention (Brown, 2006). Similarly, I will explain why the consideration 
of value trade-offs is one aspect of high-quality decision-making (Hammond et al., 2015), and 
discuss its application for the same example. The last suggested debiasing technique, multiple 
elicitations, was implemented into the value model elicitation process (Figure 8.2.1). Due to 
the computer-based nature of my data collection, interactive consistency checking of elicited 

 
33 The original source code of Mouselab is available for free at http://www.mouselabweb.org.    
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data with a decision analyst will not be feasible. Thus, the main emphasis of the intervention 
will be on attribute range and value trade-off awareness (see MRTC: Chapter 7). 
 
19 - Figure 8.4.1: Application example from the video intervention 

 
 

I produced a video for the prescriptive intervention stage. A video can be linked into the 
Qualtrics survey, so that subjects can complete all tasks online. I recorded the video on a 
MacBook Pro, using the built-in QuickTime Player. The final version runs 4 minutes and 25 
seconds and was uploaded to my personal website34. In the video, I present two 3 Alternatives 
x 2 Attributes smartphone selection problems (Figure 8.4.1). I expect students to be familiar 
with this context. In both problems the attributes are ‘price’, measured in £, and ‘camera 
quality’, measured in megapixels. As you can see in the figure, the difference between both 
choices is the attribute range for ‘price’, which is significantly smaller in the second problem.  

 
The video starts by asking the viewer to evaluate which attribute will be more important 

for their choice in the first problem with £900 price range. After a small break, which provides 
viewers opportunity to consider the question, the video switches to the second problem with 
only £200 price range. Viewers are told to think about if the change in attribute range has 
affected the relative importance of the criteria. Then, I point out that a drop from £900 to £200 
in price range should decrease the relative importance of ‘price’ for their selection, and that the 
consideration of local context is crucial for MA choices.    

 
For the value trade-off consideration example (Figure 8.4.1), I employ an adjusted 

version of the second choice task. Firstly, I point out the differences of Smartphone 1 and 3 on 
both attribute dimensions. Next, I incentivise subjects to think about if they would rather save 
£200 in ‘cost’, from £1,000 to £800, or improve 14 megapixels in ‘camera quality’, from 2 MP 
to 16 MP. In the example, I show that a preference for the £200 saving in ‘price’ should lead to 
a selection of Smartphone 3 (Tversky & Simonson, 1993). Consequently, people with a 
preference in favour of a higher-quality camera should choose Smartphone 1. At the end of the 
video, I close with a summary of the two concepts (Table 8.4.1) and encourage viewers to 

 
34 http://goetzgiering.com/Video/video.html 



 103 

employ them in the remainder of the experiment. A complete transcript of the prescriptive 
intervention video can be found in the APPENDIX to Section 8.4. 
 
Step How? 
 
1. Attribute Importance 
 

 
Consider attribute ranges, which is the distance from worst to best 

performing alternative on each attribute 

 
2. Value Trade-offs 

 

 
Consider how much performance you are willing to give up on one 

attribute, in order to gain more on another attribute 

10 - Table 8.4.1: Summary of concepts used in the video intervention 

I stress that the video does not explicitly instruct the steps on how to apply the attribute 
importance and value trade-off concepts. For instance, it does not state that by acquiring the 1 
and 5 star-rated cells of Study 1, one can identify the attribute range. This must be inferred from 
the description of the matrix of Study 1. In comparison with the intervention of Pöyhönen & 
Hämäläinen (2000), who provided students with correct solutions for specific range 
manipulation tasks, I only explain general concepts. I want to avoid that subjects blindly follow 
the instructions provided. Rather, I intend to test if they understand the related ideas and are 
subsequently capable to transfer their application towards the pilot study. I believe this would 
indicate a successful prescriptive intervention.  
 

In case subjects do not deem the video to be helpful, for instance because the discussed 
concepts are not compatible with their decision-making style, they could be susceptible to 
ignore or misuse the information in it. The last argument rests on a viewpoint that shares 
properties with ‘concreteness’, ‘compatibility’ or ‘cognitive fit’ theories. They can be found in 
the literature for example in Slovic (1972), Tversky et al (1988), Vessey (1991), Fischer & 
Hawkins (1993), and Bettman et al (1998). They rest on the more general notion that DMs tend 
to employ information in the way that it is provided to them. For instance, Slovic (1972, p.9) 
states that “a judge or decision maker tends to use only the information that is explicitly 
displayed in the stimulus object and will use it only in the form in which it is displayed. 
Information that has to be stored in memory, inferred from the explicit display, or transformed 
tends to be discounted or ignored”. Accordingly, Tversky et al (1988, p.376) claim “the weight 
of any input component is enhanced by its compatibility with the output”. Lastly, Vessey (1991, 
p.221) argues “when the types of information emphasized in the problem-solving elements 
(problem representation and task) match, the problem solver uses processes (and therefore 
formulates a mental representation) that also emphasize the same type of information”. This 
behavioural pattern appears relatively robust based on the empirical evidence but can be 
overcome by DMs who expect a substantial gain by departing from it (Bettman et al., 1998, 
p.202). This judgment is based on effort-accuracy considerations (ibid.).  

 
Transferring these thoughts to our context, I presume that DMs who use WADD (ML1) 

throughout Study 1 will benefit from the video intervention in the sense that their accuracy of 
executing the strategy may be enhanced because the contents of the video directly relate to their 
decision-making style. Heuristic DMs may react in two possible ways. 1) Firstly, they may 
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realise the mismatch between their decision-making style and the intervention’s content and 
therefore dismiss the information and stick with their initial choice-processing approach. 2) 
Secondly, they may realise the mismatch, but judge the potential gain from adapting towards a 
ML1 decision strategy as sufficient to switch towards it. In that sense, I want to test if the 
prescriptive intervention is helpful, and for whom that is. Also, the question if there are 
conditions under which certain subjects might be hurt by the intervention (e.g. if properties of 
their decision strategy are incompatible with MRTC like for ML3 heuristics) is crucial. In my 
opinion, prescriptive research must consider these characteristics to improve methods. For 
instance, our craft must implement procedures that nudge DMs towards correct choice 
strategies, but also to enable them to execute these correct strategies correctly. These two 
tasks go hand in hand. I consider this problem in Study 1 and 2 under conditions where DMs 
can freely select their choice-processing approach. Other studies sometimes force the use of 
specific decision strategies because it sidesteps the challenge of choice strategy identification 
(e.g. Wan et al., 2009).  

 
Overall, this chapter explained how I implemented all major components of Study 1 and 

2 by using Mouselab and Qualtrics software. I evaluated possible design choices and provided 
rationale for my decisions based on the findings from the literature review. Next, I will turn to 
the data analysis of the pilot study. From this, I will derive adjustments for the main analysis in 
Chapter 10.  
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9. Pilot Study 
 
 
In this chapter, I will cover the following: Firstly, I will introduce a set of variables for 

data analysis. The variables will refer to specific aspects of the decision-making process, such 
as the overall amount of information acquisitions, the consistency with the value model, and 
the MRTC concept. Where applicable, I will develop a set of research propositions that can be 
empirically validated. The connection between each proposition and the previous content will 
be clarified. Secondly, I will discuss the process of data collection, data processing, and finally 
data analysis. I will consider between- and within-subjects analysis. Based on initial results, I 
will discuss findings and implications for the main data collection. 

 
 

9.1 Variables & Hypotheses for Pilot Study 1 
 
The variables I utilise for the pilot analysis will evaluate the following broader 

characteristics of decision-making processes: overall processing amount, selectivity of 
processing behaviour, transitioning behaviour, MRTC (incl. range sensitivity), and value model 
consistency. 

 
 
9.1.1 Overall processing behaviour 
 
This refers to the extent to which subjects acquire information from Mouselab under 

each condition. As shown in Table 7.1.1, it is part of classical information-acquisition measures. 
In Study 1, I assess the overall processing behaviour of DMs by the total number of cells 
acquired (ACQ), the total time spent (TIME), and the proportion of cells opened at least once 
(HOLISTIC_0) or twice (HOLISTIC_1).  

 
Bettman et al (1993) used ACQ and TIME in an experimental setting, which 

manipulated the correlation of attribute values, as well as the dispersion of probabilities 
(weights in our context). The manipulations corresponded to two context-based factors that 
influenced complexity of the decision task; similarity of options and conflict. Results suggested 
that in negatively correlated problems (more conflict -> more complex) subjects had greater 
values for ACQ and TIME, which indicated higher processing effort. Similar results were found 
for the low dispersion condition (more similar -> more complex). I argued previously (Section 
8.2) that in the unassisted part, I expect CP4 to have the most complex structure, while CP2 and 
CP3 should be more complex than CP1. Comparing CP2 and CP3 in terms of complexity is 
difficult, as they vary different sources of difficulty; one manipulates the attribute ranges, the 
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other the intra-attribute spread. Assuming accuracy goals are prevalent for participants35, I 
propose the below proposition for ACQ and TIME variables. 

 
Proposition 1.1:  With increasing complexity in the unassisted part (CP1 to CP4), subjects 

will acquire more information (higher ACQ), and take longer to select an 
alternative (longer TIME). 

  
The influence of the prescriptive video intervention on ACQ and TIME is unclear. The 

video discusses concepts, which are compatible with sophisticated choice approaches. 
Assuming it incentivises people to employ ML1 strategies, one may expect that ACQ and TIME 
should increase. On the other side, subjects who already try to utilise ML1 or ML2 strategies 
during the unassisted stage could be enabled by the intervention to implement them more 
efficiently. For that cohort of participants, this may result in decreased ACQ and TIME values. 
Also, based on previous arguments in Section 8.4, some heuristic DMs may not react to the 
prescriptive intervention at all. In conclusion, the effect of the intervention stage on ACQ and 
TIME is difficult to predict and needs to be empirically explored. It will depend on people’s 
adaptivity. 

  
Proposition 1.2: The influence of the intervention on ACQ and TIME is balanced by two 

factors: People ‘switching’ towards ML1 strategies (higher ACQ & 
TIME), and the amount of people employing ML1 and ML2 strategies 
more efficiently (lower ACQ & TIME).    

 
Queen et al (2012) used the proportion of cells opened (HOLISTIC) to evaluate 

differences in choice-processing behaviour under varying levels of task complexity. They 
report that in the complex condition, consistent with Bettman et al (1993), subjects sampled 
longer on the task. However, the proportion of cells sampled and re-sampled decreased with 
increasing complexity. If the source of task complexity is the negative correlation of attributes 
(conflict), Bettman et al (1998) state previous findings indicate the use of more extensive and 
less selective processing behaviour. This is replicated in Pfeiffer et al (2014), who report that 
with increasing complexity the depth and breadth of information search increased. Maybe the 
varying results can be attributed to the fact that participants in Queen et al’s study (2012) were 
significantly older. Decreased cognitive ability due to advanced age may have caused them to 
sample a lower proportion of cells. For my experiment, I expect the intervention stage to induce 
people to employ more sophisticated decision strategies. This should produce extensive 
information-acquisition behaviour.  
 
Proposition 1.3:  With increasing complexity in the unassisted part, subjects will acquire 

information more extensively. HOLISTIC variables will increase. 
 
Proposition 1.4:  The influence of the intervention on HOLISTIC variables is determined 

by the amount of people ‘switching’ towards sophisticated choice 
approaches. I expect more extensive acquisition behaviour.   

 
35 If not, participants may act as ‘cognitive misers’ and employ simplifying heuristics with increasing complexity 
(Swait & Adamowicz, 2001). 
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Previously I hypothesised about the correlation between frequency and time measures. 
They are both used in MT and ET to capture the “attention paid to specific information” 
(Willemsen & Johnson, 2011, p.27). Because the implementation of Study 2 requires changing 
the Mouselab JavaScript file in a way that time measures may be altered (Section 8.3), I use 
Study 1 data to test for this suspected correlation pre- and post-intervention. If there is evidence 
for correlation, I argue that frequency measures will be sufficient in Study 2 to reflect attention 
towards cells. 
 
Proposition 1.5:  ACQ and TIME display positive correlation throughout the experiment. 
 
 

9.1.2 Selectivity of processing behaviour 
 
 This refers to the extent that subjects acquire information in a consistent or selective 

manner. As shown in Table 7.1.1, this consideration is part of classical information-acquisition 
measures. I analyse how consistent or selective subjects acquire information by the standard 
deviation (SD) of the proportion of time spent (T) and acquired frequencies on (F) alternative 
(ALT) and attribute (ATT) cell information. The following variations are used: SD-T-ATT, SD-
T-ALT for time measures, and SD-F-ATT, SD-F-ALT for frequency measures. Also, I look at 
the correlation of time spent (T) and acquired frequencies (F) on attributes with elicited 
attribute weights (R-T-ATT, R-F-ATT). SD and R variables are calculated between subjects. 

 
 Summarising choice-processing literature Bettman et al (1998) find that subjects tend 

to acquire information in a less selective manner when the decision task becomes more complex. 
The reason is that people, who wish to be accurate, are likely to use ML1 strategies in more 
complex situations (ibid.). This implies that standard deviation variables, which measure the 
spread of values from the mean, are expected to decrease with increasing complexity during 
the unassisted stage of Study 136. With regards to the prescriptive intervention video, the effect 
is unclear. It depends on the way subjects adapt decision strategies. On the one hand, if the 
concepts of the video are well understood and people want to utilise sophisticated choice 
approaches, processing could become more consistent (lower SD values). On the other hand, 
based on a ‘concreteness’ account (Slovic, 1972), the video intervention’s emphasis on attribute 
importance may incentivise DMs to be more selective in the processing of attribute information 
(lower SD values for ALT, higher for ATT). 
 
Proposition 2.1: With increasing complexity in the unassisted part, subjects will acquire 

information in a more consistent manner (lower SD).  
 
Proposition 2.2: The influence of the intervention on SD variables will depend on 

subject’s adaptivity. I expect lower SD-ALT, the impact on SD-ATT is 
unclear. 

 

 
36 Note that especially in the main study, people will be incentivised to select accurately (e.g. Section 10.1). 
Motivated people tend to use more sophisticated decision strategies (Pieters & Warlop, 1999, p.4) 
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Rieskamp & Hoffrage (2008) used the correlation between time spent on an attribute 
and its weight to compare WADD and LEX under varying time pressure. The overall effect 
was that LEX showed higher correlation values than WADD. Taking into consideration the 
notion of Bettman et al (1998) that people adapt towards sophisticated strategies in complex 
contexts if they are concerned about accuracy, this implies that R-T-ATT should decrease from 
Choice 1 to Choice 4 (Figure 8.2.1). The effect of the intervention stage depends on subject’s 
adaptivity. Assuming more consistent choice-processing behaviour as result from the video, R-
T-ATT is expected to decrease. However, we may argue from a ‘concreteness’ viewpoint as 
well. Then, R-T-ATT might increase after the video intervention. 
 
Proposition 2.3:  With increasing complexity in the unassisted part, time and frequency 

measures of attribute information will correlate less with elicited 
attribute weights (lower R). 

 
Proposition 2.4: The influence of the intervention on R depends on subject’s adaptivity. 

Particularly, balancing effects between the tendency towards more 
sophisticated choice processing (lower R) versus the increased saliency 
of the attribute importance concept (higher R). 

 
Lastly, like for overall processing behaviour, I verify that frequency and time measures 

are indeed correlated, so that frequency measures can substitute time measures in Study 2. 
 
Proposition 2.5: For SD and R variables, the time and frequency measures have a positive 

correlation throughout Study 1. 
 

 
9.1.3 Transitioning behaviour 
 
 Transitions describe the pattern, which people path upon during choice-processing to 

derive their selection. Analysing transitions is part of the three classical information-acquisition 
measures (Table 7.1.1). I analyse transitioning patterns using the Payne Index (PATTERN) 
rather than the search measure by Böckenholt & Hynan (1994), because the number of 
alternatives/attributes is kept constant throughout Study 1. Specifically, I use PATTERN, 
PATTERN_1st, and PATTERN_2nd. All individual Payne Indexes will be calculated before 
averaging the score over the number of participants. Since subject’s choice-processing 
behaviour may vary in number of information acquisitions and other characteristics, this 
approach guarantees that every participant will impact PATTERN equally. 

 
Based on the literature review, compensatory decision strategies are typically classified 

by alternative-based information acquisition. An alternative-based pattern translates into a 
Payne Index score between 0 and +1. Bettman et al (1998) reported the tendency of people 
towards more compensatory choice-processing behaviour in complex environments. 
Accordingly, I expect the Payne Index to measure more alternative-based processing from 
Choice 1 to Choice 4. Influence of the prescriptive intervention video on PATTERN values is 
somewhat unclear. Following from previous arguments, a change towards sophisticated choice 
approaches implies more alternative-based processing post-intervention. However, based on 
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‘concreteness’ you might argue that attribute importance and value trade-off concepts will be 
salient after the video. Also, I have previously discussed how compensatory processes can be 
represented by attribute-based processing, depending on the way that information is looked 
upon by DMs. Because of these arguments, subjects may also be incentivised towards attribute-
wise transitions post-intervention. 

 
Proposition 3.1:  With increasing complexity in the unassisted part, PATTERN variables 

will indicate more alternative-based transitions. 
 
Proposition 3.2: The influence of the intervention on PATTERN variables depends on 

subject’s adaptivity. Particularly, balancing effects between the tendency 
towards more sophisticated choice approaches (alternative-based), and 
the saliency of the attribute importance concept (attribute-based). 

 
I covered evidence that DMs sometimes utilise a combination or blending of choice 

strategies previously (e.g. Herzog & von Helversen, 2018). One common type to cope with the 
complexity of MA tasks, which was mentioned, is to start out with a cognitively easier strategy 
such as EBA to narrow down the consideration set, before employing a sophisticated strategy 
like WADD to come up with a final selection. To detect multiple levels within the choice 
process, Willemsen & Johnson (2011, p.31) suggest forming appropriate divisions of the data 
set, on which to perform analysis. In this case I distinguish the event data of the first and second 
halves of each DM’s choice process. PATTERN_1st and PATTERN_2nd then describe the 
transitioning behaviour for the corresponding data divisions. If there is significant variation 
between both patterns, this may be evidence that DMs used a combination of choice strategies. 
Sticking with the assumption that combining choice strategies can be regarded as a coping 
mechanism, I hypothesise that such occurrence is more probable in the more complex CPs of 
Study 1. I emphasise that combining strategy traits seems more sensible for DMs, who intend 
to employ sophisticated choice strategies. Application of HEURISTICS is by nature not 
affected the same way by complexity. Thus, this hypothesis is reliant on the choice strategies 
chosen by DMs.  

 
The impact of the intervention video on the variation between PATTERN_1st and 

PATTERN_2nd is unclear. There are again likely balancing effects. If helpful, the prescriptive 
video may enable ML1 users to employ their strategy more efficiently. Also, heuristic users 
who disregard the video information (ML3) may be incentivised to stick with a purely heuristic 
approach. In these cases, variation of transitioning patterns may be small between the first and 
second half of the choice process. Otherwise, there might be DMs who switch decision 
strategies due to the video intervention. Their ability to do so effectively, or not, impacts the 
predicted effect on transitioning pattern variations.  

 
Proposition 3.3:  With increasing complexity in the unassisted part, there will be more 

difference in variation between PATTERN_1st and PATTERN_2nd. 
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Proposition 3.4: The influence of the intervention on PATTERN_1st and PATTERN_2nd 
depends on subject’s adaptivity. For DMs who switch decision strategies 
the effect is unclear and depends on their ability to employ the new 
strategy efficiently. 

 
For the variables so far, I have followed Bettman et al (1998). They argue based on an 

effort-accuracy account that people will have to utilise sophisticated strategies to solve more 
complex tasks. Consequently, assuming that subjects are concerned about accuracy, deviations 
from the propositions may be regarded as failures of adaptation. One reason for such failure 
may be the inability of subjects to identify the varying degree of contextual complexity due to 
the constant ‘star-rating’ throughout Study 1. However, recently Pfeiffer et al (2015) reported 
that subjects used less sophisticated and more non-compensatory strategies when the 
complexity of the task increased. This finding may impact several of the stated propositions and 
is in line with research on psychological heuristics (Katsikopoulos et al., 2018). Thus, for the 
pilot it will be interesting to not only distinguish between- and within-subject analysis, but also 
distinguish on the type of choice strategy used. 

 
 
9.1.4 MRTC 
 
 MRTC rests on the ideas from Chapter 7. The concept emphasises the necessity to 

consider attribute ranges and value trade-offs in complex MA choices if accurate selection 
matters. I have demonstrated that this claim holds for most choice strategies despite the 
subjective nature of preferences, and thus I propose it as foundation for a measure of choice 
quality for that paradigm. I will analyse the range awareness of subjects by employing the RSI 
(von Nitzsch & Weber, 1993). Further, I introduce the following variables, which utilise 
process data to evaluate attribute range and value trade-off consideration: EVC_%, 
EVC_INDEX & VTO_%. So far, I am not aware off any process-related measures, which could 
be classified as MRTC, despite a multitude of process-tracing studies. I will next explain the 
logic behind these variables and derive a set of propositions. 
 
 The RSI utilises the normative connection between attribute range and attribute weight 
to analyse if DMs consider extreme value information appropriately when the range of criteria 
are changed. Previous research revealed that people typically fail to adjust attribute weights 
correctly (Table 4.3.2.1). In some studies DMs were completely insensitive to variations of 
attribute ranges (e.g. Levin et al., 1976). The findings of Pöyhönen & Hämäläinen (2000) 
indicate however, that training can enable DMs to attain RSI scores closer to the normative 
value. During the prescriptive intervention stage, subjects will watch a short video (Section 
8.4). If successful, this should increase the understanding of the role of extreme value 
information for attribute weighting, and lead to better RSI scores. 

 
Proposition: 4.1:  Unassisted DMs will fail to adjust attribute weights correctly after the 

attribute range manipulation.  
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Proposition: 4.2:  The prescriptive video intervention will increase the saliency of the 
attribute importance concept. This will lead to RSI scores closer to the 
normative value.  

 
Next, I introduce and discuss the process-related measures that I propose for this 

experiment. The logic behind EVC_% & EVC_INDEX is to evaluate how much extreme value 
information is acquired, and of what nature that extreme value information is. According to the 
literature, I found that attention to specific information in a MT study is assessed by frequency 
and time measures for corresponding cells in the alternative-attribute matrix. In Chapter 7 I 
discussed that appropriate consideration of extreme values should benefit choice quality for 
most decision strategies, as it is crucial for any model involving the concept of attribute 
importance (ML1 & ML2 strategies).  

 
I introduce EVC_% as the proportion of lookups, which relates to acquisitions of 

extreme value information. Via EVC_% one gains an understanding of the overall impact that 
extreme value information has on the choice process. Obviously, EVC_% should be higher than 
0, otherwise extreme value information has been ignored. Exactly how high EVC_% should be 
depends much on the specific choice context, particularly the number of alternatives. With two 
alternatives, all cells contain extreme value information. In this case EVC_% will be close to 
137. As the number of alternatives increases, the number of cells, which do not contain extreme 
value information, increases as well. I propose therefore that the range of appropriate EVC_% 
values depends on the comparison with a random search of matrix information.  

 
For instance, in a 5 Alternatives x 3 Attributes context, such as in Study 1 and 2, there 

is a total of 15 cells within the alternative-attribute matrix38. Because there are three attributes, 
and alternatives have distinct performance levels on all of them, it follows that there are six 
cells containing extreme value information. If DMs acquire information randomly, we on 
average assume an EVC_% of 40% ( 6

15
). Any higher value indicates an above-chance amount 

of attention was paid towards extreme value information. Consequently, I propose the 
‘appropriate range for EVC_%’ should start at the 40% benchmark. How high that range should 
be requires judgment that incorporates additional information, such as how extreme values in 
the matrix are distributed among alternatives that were ignored or selected by the DM, and the 
total amount of information acquisitions.  

 
I provide an example, which considers the information of Figure 8.2.1. Assume that 

after the attribute-weighting stage, the DM deems the ‘fuel’ and ‘age’ attributes as more 
important than ‘price’, and that at several points in his choice process he conducts value trade-
offs involving Car 1 and Car 2. Then, effectively all required information for the value trade-
offs is extreme value information39. In this case the corresponding EVC_% would be relatively 
higher for good reason. An extremely high EVC_%, however, is most likely suspicious. As the 

 
37 In a MT study, technically, it will never be equal to one, as the final selection is indicated by a button that also 
creates event data. The EVC_% value depends on how often subjects hover over ‘selection buttons’, but they must 
do so at least once. 
38 If we consider ‘selection buttons’ this value increases to a total of 20 cells. 
39 All corresponding cells in Figure 8.2.1 have either 1-star or 5-star ratings. 
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spread of performance-level information on the attribute scales is not known from the 
beginning, and the ignorance of this issue can impact value model consistency (Figure 8.2.3), 
all cell information is potentially important. This fact constrains reasonable upper bounds for 
EVC_%. There are also sensible explanations for lower EVC_%, such as when the DM acquires 
a substantial amount of information during the choice or relevant information does not involve 
extreme value cells (e.g. Car 4 in Figure 8.2.1). Then, the total number of steps required for 
appropriate attribute weighting would constitute a lower proportion relative to the total 
frequency of information acquisitions, and thus the DM would look up less extreme value cells.  

 
I emphasise that people, based on previous research, do not keep acquiring information 

so that acquisition totals become extremely high. Payne & Bettman (1994) considered ACQ 
averages of 30 as large. In a contextually comparable study mentioned in Payne et al (1993, 
p.159), average ACQ equalled 31.4. Generally, ACQ is influenced by effort-accuracy 
considerations and, consequently, by the type of decision strategies that are employed by DMs. 
Due to the subjectivity of preference, some between-subject variation is to be expected. Even 
if that variation would be significant however, there is the argument that due to cognitive 
limitations, re-acquisitions of some attribute-weighting information would be likely, cancelling 
out between-subject differences to an extent. In conclusion, I assume the influence of these 
mechanisms on a reasonable lower EVC_% benchmark as negligible for Study 1 and 2. 

 
EVC_% measures attention towards extreme value information, but there are two ends 

to any scale. The variable does not distinguish between maxima and minima. The assessment 
of weights through the attribute range requires, however, the complete maximum and minimum 
pair. Also, some HEURISTICS utilise specific types of extreme values as well. For instance, 
LEX processes the maximum performance on the key attribute, while LIM focuses on the 
minima to select an option. Thus, EVC_% needs to be combined with a variable, which 
discriminates both types of extreme values and that measures the focus on either of them. For 
that purpose, I propose EVC_INDEX. Its equation is given below. 
 
 EVC_INDEX = 

𝑁𝑁 𝑚𝑚𝑎𝑎𝑚𝑚𝑖𝑖𝑚𝑚𝑎𝑎 − 𝑁𝑁 𝑚𝑚𝑖𝑖𝑎𝑎𝑖𝑖𝑚𝑚𝑎𝑎
𝑁𝑁 𝑚𝑚𝑎𝑎𝑚𝑚𝑖𝑖𝑚𝑚𝑎𝑎 + 𝑁𝑁 𝑚𝑚𝑖𝑖𝑎𝑎𝑖𝑖𝑚𝑚𝑎𝑎

 
 

(9.1.) 

EVC_INDEX functions like the Payne Index, but instead of transitions, it considers the 
frequency of maximum (N maxima) and minimum value acquisitions (N minima). The 
acquisition total of minima is subtracted from the acquisition total of maxima and then divided 
by the sum of all extreme value acquisitions. As such, the index is bound between +1 and -1. 
EVC_INDEX is only calculated for subjects who acquire at least six extreme values during the 
choice. The calculations are susceptible to small differences in maxima and minima acquisitions 
otherwise. Assuming ACQ in a range similar to previous research, around 30 or higher, this 
only excludes subjects who put significantly less focus on extreme values than expected by 
chance (the 40% benchmark), or who acquired little information. Both situations indicate the 
employment of HEURISTICS and can be investigated further from the process data if 
necessary. 
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An EVC_INDEX value of 0 indicates that the DM acquired balanced extreme value 
information. Values closer to +1 show relative focus on maxima, and values closer to -1 for 
minima. Obviously, extreme value information may not be exclusively acquired for attribute 
weighting, but also for subsequent value trade-offs. Therefore, even if someone perfectly 
implemented WADD he is likely to divert from a 0 value with good reason40. However, this is 
the same case for the Payne Index measuring compensatory behaviour (Section 7.2). The 
EVC_INDEX should be used for relative comparisons, not for definite answers. As such, a 
LEX user should on average have a higher EVC_INDEX score than a LIM user. Also, for LEX, 
someone who does not consider attribute ranges for weighting should have a more positive 
score (because there would be no need to acquire minima), than somebody else who does 
consider ranges. Next, I will develop propositions for both introduced EVC variables. 

 
Above, I derived a minimum EVC_% benchmark of 40% for the contexts used in Study 

1 & 2. Depending on the characteristics of individual’s choice processes, certain variation is 
reasonable under conditions of appropriate attribute-range consideration. If ranges are not 
considered, I expect EVC_% to be below the benchmark. Based on Section 7.3.3, ordinal 
strategies like ‘counting stars’ (FRQ) and MCD are sufficient to solve CP1, while more cardinal 
strategies are necessary for the increasingly complex CP2-4. From an effort-accuracy 
viewpoint, some DMs will react to complex problems by applying choice strategies, which 
utilise attribute importance (ML1 & ML2; Table 6.2.1). For this reason, their EVC_% values 
might be higher in CP2-4 than for ML3 heuristics. However, the first four CPs in the experiment 
will be unassisted and thus prone to the range insensitivity bias (Section 4.3.2). As a result, 
EVC_% values might overall be relatively lower than the benchmark throughout the unassisted 
part of Study 1. After the prescriptive video intervention, which emphasises the importance of 
extreme value consideration, EVC_% values should exceed the benchmark. 
 
Proposition: 4.3:  In the unassisted part, DMs will display relatively lower EVC_%. 

EVC_% may rise with increasing complexity but should not drop.  
 

Proposition: 4.4:  After the prescriptive intervention, EVC_% will exceed the benchmark. 
 
 Regarding EVC_INDEX, propositions for the unassisted stage depend on the type of 
decision strategies used. Therefore, strategy selection must be explored. Because the notation 
of Study 1 enables shortcutting I expect substantial occurrence of HEURISTICS. Some 
HEURISTICS focus on maxima, others on minima. Thus, there are conflicting predictions for 
EVC_INDEX. If attribute ranges are considered appropriately, acquisition totals of both type 
of extreme values should be balanced. For that case, I expect an EVC_INDEX close to 0. The 
prescriptive intervention clarifies the attribute importance concept. Consequently, I expect the 
average EVC_INDEX deviation from 0 to be larger in the unassisted CPs. 
 
Proposition: 4.5:  After the prescriptive intervention, average deviation of EVC_INDEX 

from 0 will be smaller than in the unassisted part. 
 

 
40 WADD considers attribute importance. Appropriate weighting must incorporate attribute ranges. For ranges, an 
identical number of minima and maxima is required. Thus, EVC_INDEX of 0 is consistent with WADD. 
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I proposed EVC_% & EVC_INDEX as variables to measure how much focus is put on 
extreme values generally, and what type of extreme values particularly. By doing so the 
variables fit the MRTC concept because they directly measure the potential for appropriate 
attribute-range consideration. They further indirectly measure the quality of value trade-offs 
since those are supposed to be conducted by processing the whole range of consequences 
(Keeney, 2002). In my opinion, a direct measure for the potential of value trade-offs in a choice 
process can function by assessing if necessary information has been acquired. I explained 
previously that value trade-offs typically deal with two alternatives and two attributes at a time. 
Thus, every trade-off evaluates a 2 x 2 subset of the alternative-attribute matrix. The occurrence 
of such lookups can be detected via Mouselab. I propose VTO_% as a variable to measure the 
proportion of such lookups from process data.  

 
I will not derive propositions for VTO_%. The reason is that there is no normative 

standard how many value trade-offs are necessary for a good choice. I discussed this issue with 
experts after my presentation at the EURO30 conference in Dublin, and at my university’s 
department. It is a difficult question without clear answer. Thus, I consider VTO_% as a 
summary statistic for now, but due to the exploratory nature of the pilot studies there is potential 
to gain more insights in the process. 

 
 
9.1.5 Value model consistency 
 
 To assess how coherent the selected alternative is with the ‘best choice’ (expected 

value) we compute a percentage of value achievement relative to the elicited preferences. This 
is a traditional outcome measure and used in numerous process-tracing studies (e.g. Payne et 
al., 1993). In this thesis, I combine outcome- and process-related measures to uncover insights 
how and why some DMs choose better than others. I will refer to this variable as VALUE. 

 
Based on effort-accuracy considerations, most researchers argue that sophisticated 

strategies like WADD achieve higher VALUE than HEURISTICS. Recent research on 
psychological heuristics (Katsikopoulos et al., 2018), however, summarises applications where 
HEURISTICS have been shown to perform equally well, or even more efficiently (since 
required cognitive effort may be significantly lower). What matters for the effectiveness of 
strategy selection is appropriate adaptation to the choice context of interest. Besides VALUE 
differences that originate from varying strategy types, research also points at VALUE 
differences that stem from the choice context itself. With increasing complexity, strategies 
achieve lower VALUE (Bettman et al., 1993). This is mainly because humans are not rational 
(Chapter 3). As a result, DMs are incapable to execute decision strategies correctly, or fail to 
adapt to the characteristics of the choice context. The prescriptive intervention stage is designed 
to enable DMs to overcome these limiting factors, which should improve VALUE. 

 
Proposition: 5.1:  With increasing complexity in the unassisted part, VALUE will decrease. 
 
Proposition: 5.2:  After the prescriptive intervention, VALUE will increase. 
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1. Overall Processing Effort 

Proposition 1.1 With increasing complexity in the unassisted part, subjects will acquire more 
information (higher ACQ), and take longer to select an option (longer TIME). 

Proposition 1.2 
The influence of the intervention on ACQ and TIME is balanced by two factors: 
People ‘switching’ towards ML1 strategies (higher ACQ & TIME), and the amount 
of people employing ML1 and ML2 strategies more efficiently (lower ACQ & 
TIME). 

Proposition 1.3 With increasing complexity in the unassisted part, subjects will process information 
more extensively. HOLISTIC scores will increase. 

Proposition 1.4 
The influence of the intervention on HOLISTIC variables is determined by the 
amount of people ‘switching’ towards sophisticated choice approaches. I expect 
more extensive acquisition behaviour.   

Proposition 1.5 ACQ and TIME display positive correlation throughout the experiment. 
2. Selectivity of Processing Behaviour 

Proposition 2.1 With increasing complexity in the unassisted part, subjects will acquire information 
in a more consistent manner (lower SD). 

Proposition 2.2 The influence of the intervention on SD variables will depend on subject’s 
adaptivity. I expect lower SD-ALT, the impact on SD-ATT is unclear. 

Proposition 2.3 With increasing complexity in the unassisted part, time and frequency measures of 
attribute information will correlate less with elicited attribute weights (lower R). 

Proposition 2.4 
The influence of the intervention on R depends on subject’s adaptivity. Particularly, 
balancing effects between the tendency towards more sophisticated choice 
processing (lower R) versus the increased saliency of the attribute importance 
concept (higher R). 

Proposition 2.5 For SD and R variables, the time and frequency measures have a positive correlation 
throughout Study 1. 

3. Transitioning Behaviour 

Proposition 3.1 With increasing complexity in the unassisted part, PATTERN variables will indicate 
more alternative-based transitions. 

Proposition 3.2 
The influence of the intervention on PATTERN variables depends on subject’s 
adaptivity. Particularly, balancing effects between the tendency towards more 
sophisticated choice approaches (alternative-based), and the saliency of the attribute 
importance concept (attribute-based). 

Proposition 3.3 With increasing complexity in the unassisted part, there will be more difference in 
variation between PATTERN_1st and PATTERN_2nd. 

Proposition 3.4 
The influence of the intervention on PATTERN_1st and PATTERN_2nd depends 
on subject’s adaptivity. For DMs who switch decision strategies the effect is unclear 
and depends on their ability to employ the new strategy efficiently. 

4. MRTC 

Proposition 4.1 Unassisted DMs will fail to adjust attribute weights correctly after the attribute range 
manipulation. 

Proposition 4.2 The prescriptive video intervention will increase the saliency of the attribute 
importance concept. This will lead to RSI scores closer to the normative value. 

Proposition 4.3 In the unassisted part, DMs will display relatively lower EVC_%. EVC_% may rise 
with increasing complexity but should not drop. 

Proposition 4.4 After the prescriptive intervention, EVC_% will exceed the benchmark. 

Proposition 4.5 After the prescriptive intervention, average deviation of EVC_INDEX from 0 will 
be smaller than in the unassisted part. 

5. Value Model Consistency 
Proposition 5.1 With increasing complexity in the unassisted part, VALUE will decrease. 
Proposition 5.2 After the prescriptive intervention, VALUE will increase. 

11 - Table 9.1.1: Propositions for Study 1 pilot 
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All propositions for the Study 1 pilot are summarised in Table 9.1.1. They are 
categorised according to variable type. The propositions portray the following picture: Previous 
research indicates that, if accuracy matters, DMs react to more complex decisions by employing 
more effort. The additional effort is invested into more extensive, more consistent, and more 
alternative-based information processing. Despite this, value model consistency decreases with 
increasing contextual complexity. One possible explanation is the difficulty to properly assign 
attribute weights. Thus, a prescriptive intervention, which mitigates that effect should enable 
DMs to better obey to normative standards, and consequently lead to improved choices.  

 
I emphasise that traditional accounts from information-processing literature do not 

regard psychological heuristics as equals to ML1 strategies in terms of accuracy (Payne et al., 
1993). Instead, HEURISTICS are mainly selected to simplify and cope with cognitive 
limitations, or when the choice scenario is not of significance (e.g. Shah & Oppenheimer, 2008). 
The literature review includes recent work that challenges this viewpoint (e.g. Katsikopoulos 
et al., 2018). The data analysis will further investigate this issue. Also, much prior research 
focused on overall effects, but following the arguments of this thesis so far it is worth to dig 
deeper. I go from outcome- to process-based analysis. In the spirit of BDR (Dean & Sharfman, 
1993), I am interested in individual responses (within-subject analysis) as well during the pilot. 
Consequently, Table 9.1.1 represents a starting point for further exploration. Note that some of 
the propositions provide the additional function of sanity checking (e.g. Propositions 1.1, 1.3, 
2.1, 2.3, and 5.1), as they intend to replicate previous findings from the adaptive DM paradigm 
(Payne et al., 1993). 
 
 

9.2 Data for Pilot Study 1 
 

This chapter reflects on how I collected and prepared data for pilot analysis. 
Specifically, ‘data preparation’ refers to the cleaning and processing of raw data. Afterwards, I 
will test the derived propositions empirically. 

 
 

9.2.1 Data Collection 
  

The data was collected via Mouselab and a Qualtrics survey. The interface to Mouselab, 
the accompanying survey, and the prescriptive video were all presented on my personal website. 
The precise setup was explained in Chapter 8. A link to the password-protected survey was 
shared with people from my network until I received the target of 20 complete responses. A 
complete response consists of the finished survey, and answers to each of the five CPs of Figure 
8.2.1. Also, the time taken from CP4 to CP5 had to exceed the running time of the prescriptive 
video intervention. This was to ensure that participants had watched the entire video. If 
uncertain, I confirmed with the individual respondent. Also, if sections were skipped or 
answered unrealistically fast, within couple seconds, I excluded the data. 
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I contacted 27 people. All were unfamiliar with the context and procedure. No financial 
compensation was offered for participation. Data of two respondents was dismissed because 
time measures indicated that the intervention stage had been skipped. Another respondent was 
excluded from further analysis because he did not provide answers for all five CPs. The 
remaining four people initially accepted to partake in the pilot but did not return data in time. 
Data was collected from 3rd April until 24th April 2019 over a course of three weeks. From the 
20 final participants, 10 were female and 10 were male. 90% of participants were either students 
or at an early-career stage. One person was retired, and another was at a late-career stage. 
Completion duration ranged from 12 minutes 32 seconds to 51 minutes 33 seconds with an 
average of 30 minutes 23 seconds over 18 participants. Time measures for two respondents 
were not reported. This is likely due to interruptions during the completion of the survey. 
Because of the difficulty to recruit people willing to partake in the pilot, I did not dismiss their 
data points for analysis. 

 
 

9.2.2 Data Processing 
 

In this section I cover the processing of raw data from the Mouselab tool and the 
Qualtrics survey. For the processing of Mouselab data I follow the recommendations by 
Willemsen & Johnson (2011). If I diverge, I will state this with the rationale for it. 
 
 

9.2.2.1 Mouselab Data 
 
First, I needed to exclude data of participants who did not commit to the experiment. 

This might be indicated by extremely long or short information-acquisition times, or breaks 
during the experimental procedure. My main objectives were to collect responses that were 
complete and where attention had been paid to the prescriptive video. Regarding the evaluation 
of time measures and interruptions I was less strict than recommended. The reason was the 
difficulty to recruit people without offering financial compensation. Also, I was unable to 
monitor precisely if breaks occurred due to the online set-up. Thus, I only dismissed data for 
extreme occurrences. In the main study, I will be more selective. Nevertheless, my eventual 
dismissal rate, lies higher than what Willemsen & Johnson expect (ibid., p.29). Based on their 
experience, typically 5-10% of all cases are eliminated.  

 
Next, it was necessary to filter the raw process-event data for accidental responses 

(ibid.). Mouselab creates an event for any lookup in the alternative-attribute matrix, no matter 
how short. However, it is likely that participants, especially due to their inexperience, open 
some cells by accident. For this filter, I was required to choose a threshold value for the 
minimum-acquisition time of a cell. This time must balance being long enough to exclude 
accidental cell openings and being short enough to include all relevant data-acquisition events. 
Relevant are all conscious acquisitions of the DM. Common values for this threshold are around 
200ms (ibid., p.29). The selected value serves as input for the ‘datalyser tool’, which 
subsequently creates an adjusted version of the process data automatically, which only includes 
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events that exceeded the threshold. This database can be exported as CSV (comma-separated-
values) file for further processing. I first inspected the raw data manually to decide for a 
threshold value, and to compare the manually processed data with automated datalyser files to 
check their consistency. For this reason, I processed raw data for two CPs of the first participant. 
The comparison suggested a perfect match between both processing approaches. During the 
comparison I found multiple acquisition times of just under 200ms. Thus, I ultimately set the 
datalyser threshold to 175ms.  

 
Afterwards, I created a database for each CP using that threshold. In those databases, 

which I imported into Excel, every process event represents a row. The first columns state 
information such as the name and IP address of the participant, which can be used to link 
Mouselab with Qualtrics data. Next, the database provides info about the specific layout of the 
alternative-attribute matrix from the counterbalancing scheme. The remaining columns refer to 
actions (hovers or clicks) of the DM within the matrix. Each row displays the type of process 
event and states the time the mouse entered and exited the cell. From this the duration of each 
event is calculated. Also, there are columns for frequency measures. For instance, the counter 
for the total number of process events (equivalent to ACQ), the relative count that states the 
position of a process event relative to the whole choice process (utilised for PATTERN_1st and 
PATTERN_2nd), and the frequency count for each cell. 

 
To compute variables beyond time and frequency measures, appropriate columns can 

be added to the database. For example, variables for transitioning behaviour require a set of 
columns, which distinguish each possible type of transition41. MRTC variables need additional 
columns, which code for the occurrence of extreme value and value trade-off information 
acquisitions42. The analysis of overall processing effort, selectivity (except R), transitioning 
behaviour and MRTC (except RSI) was undertaken based on this information. The remaining 
variables required Qualtrics data (Table 9.3.2.1). 

 
 

9.2.2.2 Qualtrics Data 
 
Like the datalyser for Mouselab data, Qualtrics offers options to pre-process raw data 

as well. I found it especially useful to export the data as TSV (tab-separated-values) file, as 
Excel can access this format. The resulting database displays all questions of the survey as 
columns, and respondents as rows. The first few columns indicate when the survey was 
answered plus the IP and name of the respondent, which was used to link Mouselab and 
Qualtrics data for every participant. Each remaining column refers to one question of the 
survey. Important is to check that respondents consented with the use of their data, and that 
they confirmed the viewing of the intervention video. For the analysis itself, the elicitation of 
value model information is relevant (Section 8.1).  

 
 

41 The possible types are alternative-based, attribute-based, and mixed transitions. I added a column for each, in 
which I binary coded occurrence or non-occurrence of the transition type for each process event. 
42 I coded to what cell each process event referred to. I distinguished extreme value cells from others, but also 
maxima from minima.  
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While the survey instructs participants on how to answer questions, some respondents 
did not comply. For instance, during attribute-weight elicitation not all subjects assigned 100 to 
their most preferred attribute. Similarly, during marginal-value elicitation, indicated values not 
always ranged from 0-100. I dealt with both situations by transforming the data via 
normalisation procedure. Of more serious concern were cases where marginal value functions 
did not obey common sense. For instance, on the ‘fuel efficiency’ attribute, there occurred two 
suspicious responses. One of them stated that lower ‘fuel efficiency’ levels would be preferred 
to higher ‘fuel efficiency’ levels. This should not be the case as it implies higher costs. I 
suspected the person had misread the question and therefore inversed the corresponding 
marginal value function. The second problematic case assigned the highest marginal value to 
an intermediate level of ‘fuel efficiency’. This occurrence was more controversial as it fails to 
satisfy monotonicity (Section 8.2). I concluded the participant had not understood the question, 
as that person is not a native English speaker. I used a linear marginal value function as 
approximation in the computations. This concludes my description of how I processed raw data 
from Mouselab and Qualtrics into several database files, on which I performed data analysis. 
Calculations and statistical testing were performed with Excel and SPSS. The details are 
covered in the next subsection.  
 
 

9.3 Data Analysis 
 

Data analysis involves the identification of choice strategies, and the computation of 
variables utilised for the propositions of Table 9.1.1. Next, I will overview all procedures. 

 
 

9.3.1 Choice Strategy Identification 
 

For choice strategy identification in Study 1, I exploit the fact that DMs are strategic 
and adaptive towards decision contexts (Payne et al., 1993; Gigerenzer & Gaissmaier, 2011; 
Meißner et al., 2020). A “common characteristic of strategy selection models is that information 
acquisition is considered to implement the decision rule” (Orquin & Mueller Loose, 2013, 
p.193). I will also utilise this assumption. There are changes to the patterns of six of the seven 
choice strategies, when the ordinal ‘star-rating’ is considered (Figure 7.3.3.1). The only 
unaffected strategy is WADD, which is based on normative MAVT procedure. Consequently, 
shortcuts will be regarded as the main distinguishing factor. Figure 9.3.1.1 portrays the 
algorithm used for Study 1 to distinguish WADD from HEURISTICS. Dotted lines indicate 
that a condition was violated43.  

 
First, I evaluated how exhaustive participants acquired information. Shortcuts can be 

identified if the amount of transitions is low compared to the total number of cells in the matrix. 
Also, HOLISTIC variables display lower values when overall processing is not exhaustive. I 
investigated raw data to identify reasonable thresholds for both. The transition benchmark of 

 
43 For instance, if a DM had less than 20 transitions within the alternative-attribute matrix, I categorised the choice 
strategy as HEURISTIC. 



 120 

20 is based on the layout of the alternative-attribute matrix, which consists of 20 cells (including 
‘selection buttons’). For HOLISTIC_0, I set the threshold value to 0.844. However, I examined 
each case also with regards to the number of cells re-acquired (HOLISTIC_1), and the total 
number of transitions (ACQ). I was stricter with DMs who processed more extensively. 
 
20 - Figure 9.3.1.1: Choice-strategy identification algorithm for Study 1 pilot 

 
 
Besides exhaustiveness, I also considered two other traditional information-processing 

characteristics: transitioning behaviour and selectivity (Table 7.1.1). WADD is described as 
alternative-wise processing strategy (Table 6.2.1). The identification of which, however, 
required subjective assessments in this setting for two reasons: First, Payne Index will be biased 
towards negative scores because there are more alternatives than attributes in the choice context 
(Pfeiffer et al., 2014). Further, I demonstrated previously that compensatory processes do not 
necessarily require alternative-based transitions (Section 7.2). Therefore, HEURISTICS were 
only classified based on Payne Index for clearly negative scores. After inspection of the data 
the threshold was set to -0.4. Secondly, I investigated for each subject which transitioning type 
dominated during the second half of the choice process, especially if information acquisition 
was exhaustive. Willemsen & Johnson (2011) discuss the occurrence of multiple levels during 
a choice process. I want to focus on the strategy used for the final selection. Thus, patterns 
during the late stages (PATTERN_2nd) received higher weight to influence identification. 
 

WADD dictates consistent information-processing behaviour (Table 6.2.1). I measured 
consistency by the standard deviation of frequency and time measures on attribute and 
alternative information. After looking at raw data, the threshold for WADD was set to < 0.15 

 
44 WADD is exhaustive in terms of information processing (Table 6.2.1). Therefore, I expect HOLISTIC_0 scores 
close to 1. 
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for all SD variables. If there was any single SD value higher than 0.25, the strategy was 
categorised as HEURISTIC. Again, the total number of transitions (ACQ) was considered for 
close judgment calls. SD values are more robust for cases with more acquisitions; thus, I was 
stricter for subjects with higher ACQ.  

 
The classification algorithm (Figure 9.3.1.1) focuses on distinction of WADD from 

HEURISTICS. However, few cases could not be unambiguously grouped into either class. I 
treated them as a third category called MIXED. In MIXED, choice strategies share 
characteristics of WADD and HEURISTICS. There are several explanations for this: MIXED 
could consist of cases in which DMs used a combination of strategies. This occurs quite 
regularly (Shi et al., 2013) and shows the adaptive nature of human decision-making (Meißner 
et al., 2020). Adaptivity is usually regarded as an intelligent process (Payne et al., 1993). Next, 
this class could involve cases of failed strategy execution. Due to cognitive limitations and 
individual differences some people may be incapable to execute choice strategies appropriately 
(Fasolo et al., 2003). This risk is likely greater for sophisticated choice approaches since 
required effort is higher. From a prescriptive perspective this is a worrying possibility and will 
be investigated further during analysis. Specifically, I will examine how each strategy type 
fared with regards to the process- and outcome-based choice quality measures. 
 

12 - Table 9.3.1.1: Distribution of choice strategies in Study 1 

Table 9.3.1.1 displays identified choice strategies for all stages of Study 1. Red refers to 
WADD (W), green to HEURISTICS (H) and blue to MIXED (M). Participants were classified 
into HEURISTICS more often than WADD and MIXED combined. This is sensible as the 
HEURISTICS class consists of several choice strategies. Colour in the ‘Summary’ row 
indicates what strategy type was pre-dominantly used by each subject. Participants who 
employed WADD and HEURISTICS an equal amount of CPs were categorised as MIXED. 
Overall, only few people stuck with one strategy type. Consequently, DMs were quite adaptive 
in their choice-processing behaviour.  
 

9.3.2 Calculation of Variables 
 

Variables were briefly examined during the development of research propositions. In 
this subsection I summarise how, and based on which data, each variable was computed. The 
results are displayed in Table 9.3.2.1. The variables are grouped according to the information-
processing characteristic they measure. 

Subject ID # Strategy 
Choice 

Problem 
 

1 
 

2 
 

3 
 

4 
 

5 
 

6 
 

7 
 

8 
 

9 
 

10 
 

11 
 

12 
 

13 
 

14 
 

15 
 

16 
 

17 
 

18 
 

19 
 

20 
W H M 

CP1                     6 11 3 
CP2                     4 12 4 
CP3                     5 11 4 
CP4                     5 12 3 

                                                    Prescriptive Intervention Stage 
CP5                     7 10 3 

Summary                     4 13 3 
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Characteristic Variable Source 
 

Modes of Calculation 
 

 
Overall 

Processing 
Effort 

ACQ Mouselab Available from Mouselab 
TIME Mouselab Available from Mouselab 

 
HOLISTIC 

 

 
Mouselab 

1. Process summary data from Mouselab 
2. HOLISTIC_0: Calculate proportion of sampled cells 
2. HOLISTIC_1: Calculate proportion of resampled cells 

 
 
 

 
Selectivity of 

Processing 

 
SD variables 
(SD-T-ATT, 

SD-F-ALT, etc.) 

 
 
 
Mouselab 

1. Time & frequency measures on attributes and alternatives 
from Mouselab 
2. Calculate time & frquency proportions for every alternative 
and attribute within Excel 
3. Calculate standard deviation of proportions using 
STABW.S-Excel function 

 
 

R-T_ATT 
R-F_ATT 

 
 
Mouselab 
Qualtrics 

1. Time & frequency measures on attributes from Mouselab 
2. Elicited attribute weight data from Qualtrics 
3. Calculate time & frequency proportions for every attribute 
within Excel 
4. Calculate correlation between attribute weights & 
proportions using CORREL-Excel function 

 
 
 

Transitioning 
Behaviour 

 
 

PATTERN 
 

 
 
Mouselab 

1. Process data from Mouselab 
2. Code for attribute, alternative, and mixed type of transitions 
within Excel 
3. Calculate Payne Index for every subject: Equation 7.1 
4. Calculate average Payne Index  

 
 

PATTERN_1st 
PATTERN_2nd 

 
 
Mouselab 

1. Process data from Mouselab 
2. Code for attribute, alternative, and mixed type of transitions 
within Excel 
3. Use relative_count within process data to create divisioned 
data for first and second half of choice process 
4. Calculate Payne Index for divisioned data 

 
 
 

 
 

MRTC 

 
 

RSI 

 
 
Qualtrics 

1. Elicited attribute weight data from Qualtrics (2nd elicitation 
round) 
2. Calculate normative attribute weight adjustment from the 
range manipulation within Excel 
3. Calculate RSI Index: Equation 4.2 

 
EVC_% 

 
Mouselab 

1. Process data from Mouselab 
2. Code for extreme value acquisitions within Excel 
3. Calculate proportion of extreme value data  

 
EVC_INDEX 

 
Mouselab 

1. Process data from Mouselab 
2. Code for maxima and minima aquisitions 
3. Caclculate EVC_Index: Equation 9.1 

 
VTO_% 

 
Mouselab 

1. Process data from Mouselab 
2. Code for value trade-off information lookups within Excel 
3. Calculate proportion of value trade-off information lookups 

 
 

Consistency 

 
 

VALUE 

 
 
Qualtrics 

1. Elicited marginal value and attribute weight information 
available from Qualtrics 
2. Calculate overall value for every alternative using the 
additive value function: Equation 4.1 
3. Calculate value achievement for every alternative as 
proportion against the highest value alternative within Excel 

13 - Table 9.3.2.1: Variables in Study 1 pilot and their computation 
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9.4 Results of Pilot Study 1 
 
This data analysis section covers the overall results between participants and the within-

subject analysis. I discuss results with respect to the complexity of the choice context and the 
type of choice strategies employed. Note that I am not testing statistical significance for all 
variables because the sample size is small. I am investigating how the observed trends relate to 
the stated propositions. Numbers preceded by hashtags, such as #1, #2, etc., refer to specific 
participants of the study.  

 
 

9.4.1 Overall Effects based on between-subjects Analysis 
 

Firstly, I report overall results for all dependent variables and stages of Study 1. The 
overview is displayed in Table 9.4.1.1. I added one further variable called DEVIATION AVG 
below the RSI Index. In Study 1 the ranges of all attributes change. During analysis I realised 
that the aggregation of RSI scores from all attributes into one total leads to issues with 
interpretation. Individual scores may be ‘bad’ but cancel out to a ‘good’ average. DEVIATION 
AVG measures the difference between the elicited attribute-weight information and the 
normatively expected weights after the range manipulation (CP3-CP5). For instance, a value of 
5 would indicate that the average deviation over all attributes and subjects between elicited and 
normatively calculated attribute weights equalled five points.  

 
Variables Choice 1 Choice 2 Choice 3 Choice 4  

 
 
 
 
I 
N 
T 
E 
R 
V 
E 
N 
T 
I 
O 
N 

Choice 5 
ACQ AVG 41.25 54.4 46.15 42.8 43.9 
TIME AVG 63.92 sec 53.9 sec 45.31 sec 38.49 sec 38.23 sec 

HOLISTIC_0 78.67% 65.33% 73.67% 76.67% 73.98% 
HOLISTIC_1 56.98% 54.35% 58.32% 58.33% 53.98% 

SD-T-ATT 0.166 0.230 0.190 0.157 0.185 
SD-T-ALT 0.172 0.202 0.179 0.177 0.173 
SD-F-ATT 0.146 0.204 0.153 0.130 0.185 
SD-F-ALT 0.141 0.179 0.163 0.160 0.156 
R-T-ATT 0.122 -0.153 -0.113 -0.063 0.003 
R-F-ATT 0.122 -0.089 -0.303 -0.024 0.117 

PATTERN -0.213 0.008 0.003 0.005 -0.142 
PATTERN_1st -0.301 -0.077 -0.204 -0.193 -0.393 
PATTERN_2nd -0.154 0.079 0.205 0.153 0.076 

RSI n/a n/a 0.461 0.513 0.641 
DEVIATION AVG n/a n/a 10.25 10.85 9.86 

EVC_% 34.96% 35.13% 34.04% 35.50% 38.95% 
EVC_INDEX 0.187 0.158 0.285 0.292 0.199 

VTO_% 13.42% 11.35% 20.31% 12.00% 14.50% 
VALUE 89.82% 87.53% 84.13% 87.90% 88.52% 

14 - Table 9.4.1.1: Pilot Study 1 between-subjects results 

Let me remind you that Choice 1 (CP1) is an ‘equal weight, equal attribute scale spread’ 
condition that is supposedly the easiest choice context of Study 1 (Section 8.2). For CP2 the 
spread on the attribute scale is manipulated, and for CP3 all attribute ranges are changed. Then 
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these manipulations are combined in CP4. CP4 is set before, and CP5 after a prescriptive video 
intervention stage. Consequently, the table reports values for choices under varying complexity.  

 
I discuss results with regards to variable type. First, the assessment of overall 

processing effort. ACQ is beyond 40 throughout all conditions. TIME varies between 64 and 
38 seconds. I proposed that ACQ and TIME would increase with complexity. According to 
Table 9.4.1.1, this is not the case. Instead, subjects took longest for the first choice, while 
acquiring relatively little information. From Choice 2 (CP2) onwards the mean duration of data 
acquisitions appears stable, while ACQ and TIME decrease. Overall, Proposition 1.1 is not 
supported. For Proposition 1.2, there is no clear verdict as to how choice strategies changed 
due to the intervention stage. Several factors may lead to that surprising finding: First, measures 
for CP1 suggest that subjects need more time to familiarise themselves with Mouselab. For the 
main data collection, I must include practice tasks. Second, decreasing processing effort after 
CP1 may originate from a lack of motivation, rather than from a response to increased 
complexity. Subjects were not reimbursed, and I did not counterbalance CP presentation order. 
For the main data collection, I must change this.  

 
Based on observed HOLISTIC values, participants acquired information most 

exhaustive at the beginning of the experiment (CP1). For similar reasons as stated above, 
Choice 1 might be an outlier here due to subjects not being familiar yet with MT. However, 
from CP2 until the intervention stage HOLISTIC values increase. Consequently, Proposition 
1.3 is partially supported. Post-intervention, I find slightly less exhaustive information-
acquisition behaviour. Discounting CP1, Proposition 1.5 is supported. ACQ and TIME values 
are positively correlated pre- and post-intervention. The respective correlation coefficients are 
0.779 and 0.895. Both are significant at the 99%-level.  

 
Next, I discuss the results regarding selectivity of information-processing behaviour. I 

start with SD variables. All values are lowest or close to lowest during CP1. In CP2 there is a 
stark increase for SD variables. CP1 might be an outlier. If people explored the Mouselab 
functionality at the beginning, one might expect more consistent acquisitions that relate to 
participants ‘playing’ through the matrix. With increasing complexity from CP2 to CP4, the 
results suggest a tendency towards more consistent information processing. In the literature this 
characteristic relates to the use of sophisticated choice strategies. Thus, the previous argument 
about potential lack of involvement as the experiment progressed cannot explain this result. 
Lower motivational levels incentivise to decrease cognitive effort, to be more simplistic, and to 
be more selective (Pieters & Warlop, 1999).  

 
After the video intervention, processing becomes slightly more consistent across 

alternatives, but more selective for attribute information. This might be the result of saliency 
effects due to the concepts explained within the video or choice strategy changes. Therefore, I 
will analyse the data with regards to strategies later. Overall, I interpret the findings as support, 
if CP1 is ignored, for Propositions 2.1 and 2.2. On general terms I note that while values behave 
in the proposed pattern, the magnitude of SD values is not low. There were only few DMs who 
reported scores close to 0 for all SD variables. 
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R scores are surprising in their magnitude and pattern. Compared to Rieskamp & 
Hoffrage (2008) who reported values between 0.4 and 0.7 over all conditions and decision 
strategies, average R values in Study 1 pilot are considerably smaller. They are even negative 
between CP2 and CP4, meaning that people invested time and looked up relatively more 
attribute information on criteria that they simultaneously deemed less important. That appears 
unreasonable. I did not foresee this possibility when deriving propositions.  

 
Given the occurrence of negative R scores, the reported patterns for R, which increase 

throughout CP2 to CP5 to a level that is just positive post-intervention, is an improvement. One 
possible explanation for negative mean R values is that unassisted DMs felt confident in 
determining which attributes were important, maybe due to a global interpretation of the 
attribute-importance concept (Section 4.3.1), and then spent effort in exploring the actually less 
meaningful differences on other attributes. Thus, on average they invested more resources on 
processing steps with lower priority. Maybe it is not obvious to people that this procedure is 
inefficient if they are unfamiliar with DA. Propositions 2.3 and 2.4 are thus not supported. The 
adaptations throughout Study 1 were in the right direction, but from a bad starting point. 
However, both, HEURISTICS and normative procedures, if executed correctly, would result in 
improved R scores. The problem here must be a fundamental one like failures connected to the 
local/global distinction of attribute importance itself, rather than differences in strategy 
selection. Another possibility would be that participants decided to store performance level 
information of important attributes in memory for later usage and focused on thinking about 
less important attribute information first. This explanation is, however, less likely as acquisition 
costs within MT are low. As stated previously, the assumption is that people would rather re-
acquire information from cells than storing it in memory, especially given the cognitive 
constraints of human beings. 

 
Proposition 2.5 states that for SD and R variables the basis for calculation, durations or 

frequencies, should not matter. Both approaches are expected to have a positive correlation 
throughout the pilot study. Table 9.4.1.2 displays the corresponding correlation coefficients. 
Proposition 2.5 is thereby supported. Propositions 1.5 and 2.5 were both validated in the 
experiment. Consequently, this is strong support for the assumptions underlying my JavaScript 
code adjustment for Study 2 (Section 8.3). In the remainder of this thesis I will therefore focus 
on frequency measures. 

 
Variables Choice 1 Choice 2 Choice 3 Choice 4 Choice 5 
SD-ATT  0.836 0.954 0.882 0.834 0.911 
SD-ALT 0.839 0.988 0.885 0.958 0.829 
R-ATT 0.537 0.676 0,689 0.589 0.859 

15 - Table 9.4.1.2: Correlation coefficients for SD and R variables in Study 1 

 Next, I discuss transitioning behaviour. Reported scores for PATTERN behave in no 
obvious direction as contextual complexity increases. During analysis, PATTERN did not 
inherit much additional information despite aiding with decision strategy identification. Even 
there, however, it was only used to distinguish extreme cases (Payne Index < -0.4). For a wide 
range of values, it was not easy to tell HEURISTICS apart from WADD based on this variable 
because it is biased towards attribute-based scores due to the 5 Alternatives x 3 Attributes 
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choice context (Pfeiffer et al., 2014). Some classified WADD users were on the verge towards 
attribute-based processing behaviour. This may be connected to saliency effects, as subjects are 
repeatedly asked during the experiment to evaluate attribute importance, thus pushing attribute 
information into the spotlight.  
 

Post-intervention, PATTERN scores indicate more attribute-based transitioning. In 
summary, Proposition 3.1 is not supported, while there is no clear verdict on Proposition 3.2. 
The difference between PATTERN_1st and PATTERN_2nd becomes more pronounced with the 
attribute range manipulation before CP3 and remains relatively stable after. A potential 
explanation is that the attribute range manipulation contributed more to the perceived 
complexity of subjects than the manipulation of attribute spread at CP245. This would be 
consistent with the review on elicitation biases, which I performed during Chapter 4. 
 
 The MRTC variables represent the centrepiece of this investigation. I move from 
description to evaluation of behaviour, based on normative standards that were established 
previously. Propositions 4.1 and 4.2 are both supported. RSI scores are not close to the 
normative expectation. Most subjects under-adjusted attribute weights, while some over-
adjusted them or even adjusted into the wrong direction after the range manipulation (Table 
9.4.1.3). An average computed over all individual RSI scores is better accompanied by 
DEVIATION AVG variable to avoid ‘cancel-out’ effects. However, DEVIATION AVG 
confirms the tendency of people being incapable to adjust weights normatively.  
 

Post-intervention, RSI rises and DEVIATION AVG decreases. Table 9.4.1.3 displays 
information about observed attribute-range adjustments. There are several things to emphasise: 
First, calculation was based on the weight-elicitation round at CP2 after I realised that CP1 
might be an outlier. Second, average weights at CP2 are roughly equal, which supports my 
assumption from Section 8.2. Third, because these are averages values, attribute weights do not 
necessarily sum up to 100. Fourth, there is a high number of DMs who overweighted the ‘age’ 
(A) attribute. Fifth, around 22% of elicited weights were adjusted in the wrong direction. The 
distribution of these errors is stable throughout CP3 to CP5. They might be related to use of 
ML3 heuristics, which do not consider attribute importance. Sixth, while under-weighting is a 
common occurrence according to my literature review, the large amount of over- and wrong-
weighting was unexpected. I believe these errors are highest for ‘age’ (A) because its rate of 
range change (Factor: 1.5) is in between ‘fuel’ (F; Factor: 2) and ‘price’ (P; Factor: 0.5). Due 
to the interrelation of attribute weight scores46, when simultaneously manipulated, the outcome 
is easier to predict for the two extremes. The importance of ‘fuel’ (F) rises and for ‘price’ (P) it 
drops. That appeared clear to most participants, but not how to adjust ‘age’ (A) accordingly. 

 
 

 

 
45 I argued previously that a possible coping method for complex decision problems is to utilise a combination of 
decision strategies. Such multiple levels in the choice process (Willemsen & Johnson, 2011) may result in 
variations of choice-processing characteristics (e.g. between PATTERN_1st and PATTERN_2nd).  
46 The weights must sum up to 100%. After the range manipulations, I argue that changes are easier to predict for 
the ‘extremes’. I refer with ‘extremes’ to attributes whose ranges were increased or decreased by the largest factor. 
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 Choice 1 
(CP1) 

Choice 2 
(CP2) 

Choice 3 
(CP3) 

Choice 4 
(CP4) 

Choice 5 
(CP5) 

Normative 

F A P F A P F A P F A P F A P F A P 
w (%) 35.2 31.6 28.4 33.9 31.6 29.8 36.3 36.1 22.8 35.9 35.3 24.0 36.7 35.7 22.9 52.1 36.4 11.5 

Under 
( freq.) 

 
13 5 15 14 8 17 13 5 15 

 

Over 
(freq.) 2 10 2 0 7 1 1 10 2 

Wrong 
(freq.) 5 5 3 6 5 2 6 5 3 

16 - Table 9.4.1.3: Attribute ranges and their adjustments in Study 1 

 Next, I discuss focus on extreme values as measured by EVC_% and EVC_INDEX. 
EVC_% remains relatively stable around 35% throughout the unassisted part. After the 
intervention, there is an increase to almost 39%. Paired t-test confirms that for this sample size 
the difference is not significant at the 95%-level with a p-value of .22. If this trend translates 
however into the larger main data collection, where I target 80 responses, it would result in a 
p-value of .0347. Regarding Propositions 4.3 and 4.4 I find EVC_% values below the 40% 
benchmark in the unassisted part. Complexity, however, does not appear to impact EVC_%.  
 

The intervention stage shows the proposed influence, EVC_% increases, but not over 
the 40%-level. In fact, in none of the CPs EVC_% exceeds the threshold of random search. I 
went back to the raw data to search for an explanation. Apparently, many subjects hovered over 
‘selection buttons’ while contemplating their decision. Indeed, there are several cases with more 
information acquisitions from ‘selection buttons’, than from other cells of the alternative-
attribute matrix (e.g. #8 in CP1, #6 in CP2, #2 in CP3). If ‘selection buttons’ were hovered upon 
for more reasons than just indicating the final selection, the calculated EVC_% threshold of 
40% requires adjustment. With the inclusion of an additional five cells (for ‘selection buttons’), 
the random search threshold would drop to 30%. It is unlikely that ‘selection buttons’ played 
the same role as matrix information, however. From this perspective an EVC_% benchmark of 
35%, as found in Table 9.4.1.1, appears more reasonable. 
 
 EVC_INDEX appears to be influenced by contextual complexity. After the range 
manipulation I observe more unbalanced extreme value consideration. Post-intervention, 
EVC_INDEX is closer to 0, but still at a higher level than before the attribute range 
manipulation. Potentially, this hints at the possibility that the video intervention did not help all 
subjects to cope better with the situation. I will investigate that possibility later. There is partial 
support for Proposition 4.5, if only the range manipulation stages are considered. Lastly, 
VTO_% ranks between 11% and 20% over the course of Study 1 without obvious pattern.  
 
 The last variable to discuss is VALUE, which measures the consistency with the elicited 
value model. It ranges between 84% and 90%, which is a surprisingly high score given the 
complexity of the CPs. With increasing complexity scores generally decrease until CP4. For 
CP4 VALUE increases again, which is unexpected. In case there is an underlying cause it might 

 
47 I performed t-test to gain an understanding of the impact of the intervention stage. During the main study, I will 
validate all requirements before using a statistical test. 
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be connected to adaptive decision strategy usage. There is no support for Proposition 5.1. Post-
intervention, VALUE marginally increases. This is partial support for Proposition 5.2, 
especially given the possibility that scores for CP4 may be an outlier. Overall, the continuously 
high VALUE scores make it difficult to detect differences due to manipulations or decision 
strategy usage. Based on previous research high values of that magnitude were not expected48. 
I will reason about that issue later. For now, this finalises the between-subjects analysis. 
 
 

9.4.2 Individual Effects based on within-subjects Analysis 
 
 Next, I consider within-subjects data to determine effects of contextual complexity and 
prescriptive intervention on individual performances (Fasolo et al., 2003). The goal of the 
intervention is to help all DMs improve their decision-making skill. Based on between-subjects 
analysis alone, which averages values over all participants, that is impossible to evaluate. 
 

Table 9.4.2.1 summarises the performance on key variables for every participant. Due 
to the established correlation between time and frequency measures, I only display frequency 
variables. I next examine its data relative to some points that I discussed previously: First, there 
exist numerous possibilities to approach a given selection task. Looking at the CP1 segment we 
find heterogenous reactions across all 20 subjects. ACQ ranges from 5 to a maximum of 85, 
and HOLISTIC_0 from 0 to 100%. We also observe high variety regarding selectivity (SD-F-
ATT between 0.037 and 0.577, SD-T-ALT between 0.047 and 0.346), transitioning behaviour 
(PATTERN between -70 and 100), MRTC (EVC_INDEX between -33 and 67) and value 
model consistency (VALUE between 68% and 100%). This recurs throughout the experiment 
for all CPs. Consequently, over this sample I find no general agreement on how to approach a 
given MA choice task, independent of its complexity. This refers back to the introductory 
argument of this thesis, the subjective nature of MA choices. Second, I examine the data for 
differences across CPs within individual participants. Such instances showcase adaptive 
behaviour (Meißner et al, 2020). A good example is subject #7. #7 displays a variety of 
adaptations during the experiment. Starting off CP1 with exhaustive (HOLISTIC 100%), 
consistent (SD-F-ATT 0.090, SD-F-ALT 0.096), and alternative-based (PATTERN 0.56) 
processing that fits with a ML1 strategy (R and EVC variables are not suspicious), #7 selects 
the alternative that is coherent with the elicited value model (VALUE 100%). In CP2, another 
strategy is employed. Processing is still exhaustive, maybe even more so due to increased 
complexity (ACQ rises to 151), but also more selective across alternatives (SD-F-ALT 0.186) 
and with a focus on minima (EVC_INDEX -0.35). According to Table 6.2.1, this approach 
corresponds best with MCD. After the attribute range manipulation in CP3, processing 
characteristics change again. The tendency for selective processing across options (SD-F-ALT 
0.412) and focus on minima (EVC_INDEX -0.99) become more extreme. For CP4, focus 
switches towards maxima (EVC_ INDEX 0.71). Post-intervention, #7 processes selective 
across attributes for the first time (SD-F-ATT 0.462) while being consistent on alternatives 
(SD-F-ALT 0.064). The pattern is attribute-based (PATTERN -0.57).  

 
48 This statement is true unless there is a high dispersion in attribute weights for heuristics like LEX (Bettman et 
al., 1993; Heck et al., 2017). 
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17 - Table 9.4.2.1: Pilot Study 1 within-subjects results 

Overall, #7 displays several changes to choice-processing behaviour, an indication for 
its adaptivity to contextual variations. On the other side of the adaptation spectrum are people 
like subject #19, whose choice approaches remain relatively stable throughout the pilot. From 
CP2 onwards, #19 processes only little information, selective across alternatives and with 

 

 
Variable 

Subject ID # 

   
 C

ho
ic

e 
1 

(C
P1

) 

 
1 

 
2 

 
3 

 
4 

 
5 

 
6 

 
7 

 
8 

 
9 

 
10 
 

 
11 
 

 
12 

 
13 

 
14 

 
15 

 
16 

 
17 

 
18 

 
19 

 
20 

ACQ 63 38 28 51 69 64 38 4 12 27 85 46 18 5 28 67 61 49 17 55 
HOL_0 (%) 93 87 87 100 100 100 100 0 53 100 100 100 60 7 87 87 93 100 53 67 
SD-F-ATT (.) 136 044 095 189 069 098 090 000 278 066 074 080 109 577 037 148 127 125 344 235 
SD-F-ALT (.) 113 124 171 047 118 093 096 326 151 062 048 062 268 346 135 115 169 078 159 141 
R-F-ATT (.) -06 -82 -58 24 50 97 19 0 19 -98 -19 88 48 0 97 67 72 -94 61 -65 
PATTERN (.) -16 -14 -05 -70 -41 -50 56 -33 -60 -55 -49 -37 38 100 -08 -17 -12 -32 -69 -53 
EVC_% (%) 46 26 43 33 23 38 37 0 50 33 44 43 33 0 36 31 38 57 53 35 
EVC_INDEX  -10 -11 0 0 13 17 -14 n/a 33 -11 -11 05 67 n/a 0 -05 40 0 -33 53 
VTO_% (%) 19 21 14 08 29 13 0 0 33 0 19 09 0 0 43 0 07 0 47 07 
VALUE (%) 68 85 100 100 90 70 100 85 98 95 100 70 83 100 99 92 86 90 100 86 

C
ho

ic
e 

2 
(C

P2
) 

ACQ 87 4 17 98 116 10 151 43 26 64 185 4 69 105 5 46 10 10 5 33 
HOL_0 (%) 100 20 40 93 100 13 100 93 60 100 100 20 87 100 13 93 33 20 20 100 
SD-F-ATT (.) 107 333 379 140 084 577 011 014 220 215 029 000 036 072 333 125 577 577 144 113 
SD-F-ALT (.) 100 326 174 097 095 187 186 151 169 042 034 447 136 061 447 094 071 235 447 082 
R-F-ATT (.) 89 91 -55 -99 -55 0 76 -93 -50 -99 98 0 43 34 -93 -06 0 0 -87 57 
PATTERN (.) 28 33 13 -34 -35 -14 -04 -17 08 -57 -35 100 39 -45 60 05 -78 -11 100 -40 
EVC_% (%) 46 25 12 41 42 20 37 16 46 33 43 50 36 45 0 41 40 30 60 39 
EVC_INDEX  -05 n/a n/a -20 -06 n/a -35 14 33 -20 -01 n/a 12 09 n/a 26 n/a n/a n/a 08 
VTO_% (%) 28 0 0 08 28 0 11 37 15 19 26 0 23 15 0 17 0 0 0 0 
VALUE (%) 100 82 63 100 75 83 99 99 67 86 72 92 83 100 100 98 75 75 100 100 

C
ho

ic
e 

3 
(C

P3
) 

ACQ 79 42 9 60 93 47 31 37 27 57 85 41 26 140 5 42 14 22 13 53 
HOL_0 (%) 100 80 27 87 100 87 27 80 60 100 100 87 67 100 20 93 40 80 40 100 
SD-F-ATT (.) 074 166 459 108 121 196 131 103 101 064 102 133 231 054 333 092 167 225 083 118 
SD-F-ALT (.) 094 188 183 145 063 098 412 132 252 054 061 168 218 082 200 137 222 172 275 100 
R-F-ATT (.) -71 68 0 -87 -14 -73 -38 100 -88 -88 83 72 -72 -99 0 92 -60 -71 -99 -99 
PATTERN (.) -08 33 00 -31 -62 02 79 25 20 -52 -36 14 -13 -52 00 -33 50 -47 100 17 
EVC_% (%) 39 36 33 23 34 34 39 30 37 35 48 22 27 36 0 36 50 41 38 42 
EVC_INDEX  16 14 100 -43 31 13 -99 09 40 0 0 -11 43 04 n/a -07 43 33 20 14 
VTO_% (%) 20 38 0 40 09 17 0 22 30 21 24 49 46 20 0 38 0 18 0 15 
VALUE (%) 81 98 84 100 84 64 98 61 74 94 100 52 100 81 80 75 100 100 99 58 

C
ho

ic
e 

4 
(C

P4
) 

ACQ 50 2 12 73 44 26 22 16 29 57 56 45 48 139 35 84 38 13 15 52 
HOL_0 (%) 100 0 47 87 87 67 47 60 73 100 100 93 100 100 100 100 73 53 60 87 
SD-F-ATT (.) 031 000 111 227 117 286 000 291 243 113 141 067 045 085 105 089 227 220 041 160 
SD-F-ALT (.) 139 447 201 134 126 100 304 143 123 149 174 099 103 143 061 050 147 208 211 133 
R-F-ATT (.) -91 0 44 -50 46 100 0 19 18 84 -73 -43 -79 -66 99 -16 -84 -03 84 -36 
PATTERN (.) -04 100 43 -26 -38 26 68 -08 -20 -38 -27 19 -08 -43 -17 -43 09 09 45 -36 
EVC_% (%) 32 0 17 44 34 31 36 38 41 37 50 38 35 38 37 37 42 46 40 37 
EVC_INDEX  25 n/a n/a -25 -33 -25 71 60 50 14 0 06 18 25 23 03 20 67 33 26 
VTO_% (%) 08 0 0 22 27 0 18 0 0 14 29 09 25 12 34 19 0 0 0 23 
VALUE (%) 81 98 85 99 100 71 55 100 73 99 100 100 100 74 78 100 98 100 92 56 

I N T E R V E N T I O N 

C
ho

ic
e 

5 
(C

P5
) 

ACQ 98 6 6 66 39 84 40 49 62 71 93 13 42 46 8 46 45 10 13 41 
HOL_0 (%) 100 27 33 67 60 87 60 100 100 100 100 40 87 100 33 93 93 47 53 100 
SD-F-ATT (.) 016 289 306 286 190 329 462 219 081 178 071 083 162 027 289 097 228 144 167 076 
SD-F-ALT (.) 156 217 183 162 219 125 064 062 155 120 105 286 150 083 244 144 105 158 222 166 
R-F-ATT (.) -54 100 -76 -74 95 -99 -03 89 -98 -49 100 42 01 -74 -72 93 98 18 98 99 
PATTERN (.) -13 100 -99 -20 -72 -12 -57 -13 05 -67 -04 64 -11 -50 00 15 -26 14 11 -49 
EVC_% (%) 43 33 67 38 18 27 40 39 42 32 53 46 38 41 0 43 33 60 38 46 
EVC_INDEX  -14 n/a 0 -42 -71 -30 -13 16 17 27 17 -33 13 05 n/a -20 14 33 n/a 06 
VTO_% (%) 20 0 0 24 31 0 0 41 19 06 26 31 48 17 0 17 0 0 0 10 
VALUE (%) 100 98 94 100 100 66 62 100 74 95 100 66 100 89 64 87 98 100 100 77 
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attribute-based pattern. There are no notable changes even after the video intervention. Overall, 
the degree of adaptivity varied from person to person. This is consistent with the literature (de 
Palma et al., 1994; Fasolo et al., 2003). With regards to choice quality then one must wonder 
what degree of adaptivity is best? Given the intent of DA to enable DMs to perform more 
efficiently through prescriptive intervention, adaptivity seems to be a necessary condition. Do 
adaptive DMs perform better in the pilot? In the above example based on outcome-based 
measures #19 achieved high VALUE under all complexity conditions despite a stable and 
heuristic choice approach. Indeed, #19 exceeds the VALUE average of the adaptive #7.  

 
Also, there are subjects who appear to be hurt by the intervention. #12 is adaptive and 

categorised as WADD in CP3 and CP4. Especially in CP4, pre-intervention, all variables 
indicate a sophisticated choice-processing approach, which yields a VALUE of 100%. Post-
intervention, processing is no longer exhaustive but selective across alternatives with a focus 
on minima. VALUE drops significantly to only 66%, which is the worst post-intervention 
change of all participants. Further, the adaptations of #12 are illogical and do not cohere with 
the concepts in the intervention video. The choice-processing procedure for CP5 is less 
sophisticated than for CP4 based on ACQ, HOLISTIC, SD and EVC_INDEX variables. There 
are other DMs with decreased VALUE performance post-intervention. #6, #15 and #16 show 
VALUE scores at least five points below the pre-intervention level. #6 and #15 both employ a 
variety of choice strategies similar to #12. Almost all variables range along the extremes. For 
instance, their ACQ scores are between 10-84 and 5-35, and HOLISTIC_0 varies from 13-
100%.  

 
Overall, three out of the four ‘biggest VALUE losers’ post-intervention demonstrated 

highly adaptive behaviour. Only the case for #16 is different. #16 loses VALUE post-
intervention (from 100% to 87%), while EVC_INDEX moves from 0.03 to -0.20, which 
indicates a change of focus towards minima. Throughout the pilot however, #16 consistently 
processed in a sophisticated manner and was on the verge of being classified as WADD user. 
Thus, #16 does not fit the characteristics of the previous examples. 
 

I conclude that ‘being hurt by the intervention’ is probably no outlier event. However, 
there is no obvious explanation, assuming the video fulfils a valid prescriptive purpose. There 
is marginal evidence that it does. Based on the between-subjects data, I found post-intervention 
improvements on MRTC and value model consistency measures, which I proposed to be related 
to increases in choice quality. Next, I briefly examine the ‘biggest VALUE winners’ according 
to post-intervention VALUE scores. The top improvers were #1, #3, #14, and #20. Of these, #1 
and #14 followed sophisticated choice-processing procedures quite consistently (Figure 
9.4.2.1), and to some extent #20 as well. On the contrary, #3 was a heuristic DM. For #3 the 
data suggests very selective information-processing behaviour at all stages of the pilot. 

 
In summary, within-subjects analysis suggests that subjects employed a multitude of 

choice strategies. Most were adaptive to variations of context. Even though the literature review 
indicated that adaptivity is usually regarded as intelligent behaviour (Payne et al., 1993; Bröder, 
2003; Fasolo et al., 2003), my analysis indicates that adaptivity can also lead DMs astray (see 
Bröder & Schiffer, 2006, p.905f). While the overall effect of the intervention appears to be 
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positive, some subjects might be hurt by it. The characteristics of ‘winners’ and ‘losers’ broadly 
fit the compatibility viewpoint from Section 8.4. The ‘biggest VALUE winners’ employed 
choice strategies, which were compatible with the intervention video. Some DMs who followed 
a heuristic approach (e.g. #18 and #19) did not seem to adapt behaviour post-intervention. This 
did not necessarily affect their VALUE performance, however. #19 performed well regardless. 
These participants followed a relatively constant approach and adapted only within a set of 
strategies with heuristic properties. Contrary, few adaptive DMs (e.g. #6, #12, and #16) 
struggled to incorporate the ideas of the intervention stage efficiently. These were participants 
who followed multiple choice approaches along the whole range of decision strategies. This 
behaviour may indicate that not everybody owns fundamental concepts, which the intervention 
could be compatible to. As a result, in some cases the video might contribute to the confusion 
of the choice task, rather than reduce it. If compatibility effects actually occurred from the 
intervention, does that mean that execution of a choice strategy matters more than what type of 
strategy it is? I will address this question in the next subsection. 

 
 

9.4.3 Effects based on Differences in Choice Strategy Usage 
 

Previous analysis showed that HEURISTICS can perform well, even under conditions 
of complexity. For this reason, I now test effects on choice quality based on differences in choice 
strategy usage. Table 9.4.3.1 presents the results. I distinguish again between WADD, 
HEURISTICS, and MIXED. For calculation of EVC_INDEX, I used absolute values to 
describe the deviation from 0. Thus, a higher score indicates more unbalanced consideration of 
maxima and minima. For the generalisation of findings, I emphasise the small sample size of 
the study. 

 
I focused on the following variables: SD variables for selectivity, MRTC measures and 

value model consistency. WADD is characterised by consistent processing behaviour, while 
some heuristic approaches simplify by incorporating information selectively (Shah & 
Oppenheimer, 2008). This implies higher SD values for HEURISTICS. Indeed, SD scores for 
WADD are all below the 0.150 threshold, while HEURISTICS all exceed it. SD values for 
MIXED are in between WADD and HEURISTICS.  

 
EVC_% is theoretically relevant for all strategies that involve attribute importance. 

However, only for WADD there is a normative principle on how to assess attribute weights 
appropriately (Section 4.3). The review showed that HEURISTICS, which utilise attribute 
importance, usually provide no concrete guidelines on how to elicit weights. Consequently, I 
expected EVC_INDEX to be closer to 0 for WADD in all CPs. Moreover, I demonstrated the 
shortcut potential for some HEURISTICS due to the notation (Section 7.3.3). As a result, I 
expected EVC_% for HEURISTICS to be below WADD in all CPs. Table 9.4.3.1 supports these 
predictions. Thus, classification based on my algorithm (Figure 9.3.1.1) is consistent with 
previous processing predictions from literature. Also, MRTC variables, which I proposed to 
evaluate the quality of choice processes, behave as expected. ‘Better scores’ on MRTC seem to 
correspond with the use of more sophisticated choice strategies. 
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 WADD HEURISTICS MIXED 
Choice 1 (CP1) n = 6 n = 11 n = 3 
SD-F-ATT 0.094 0.191 0.096 
SD-F-ALT 0.092 0.163 0.127 
EVC_% [%] 41.2 30.5 38.8 
EVC_INDEX 0.103 0.244 0.133 
VTO_% [%] 11.9 12.1 21.2 
VALUE [%] 85.6 90.8 94.8 
Choice 2 (CP2) n = 4 n = 12 n = 4 
SD-F-ATT 0.100 0.287 0.062 
SD-F-ALT 0.081 0.233 0.116 
EVC_% [%] 42.7 33.1 33.5 
EVC_INDEX 0.050 0.241 0.143 
VTO_% [%] 19.8 5.0 22.0 
VALUE [%] 92.6 85.2 89.4 
Choice 3 (CP3) n = 5 n = 11 n = 4 
SD-F-ATT 0.096 0.180 0.149 
SD-F-ALT 0.111 0.196 0.138 
EVC_% [%] 34.7 32.1 38.6 
EVC_INDEX 0.096 0.436 0.142 
VTO_% [%] 28.7 14.7 25.4 
VALUE [%] 72.0 87.6 89.7 
Choice 4 (CP4) n = 5 n = 12 n = 3 
SD-F-ATT 0.068 0.154 0.210 
SD-F-ALT 0.127 0.181 0.130 
EVC_% [%] 36.0 34.0 40.6 
EVC_INDEX 0.175 0.311 0.338 
VTO_% [%] 13.5 10.6 15.0 
VALUE [%] 90.8 89.7 75.8 

I N T E R V E N T I O N 
Choice 5 (CP5) n = 7 n = 10 n = 3 
SD-F-ATT 0.119 0.254 0.106 
SD-F-ALT 0.111 0.188 0.157 
EVC_% [%] 40.7 36.8 42.1 
EVC_INDEX 0.162 0.318 0.117 
VTO_% [%] 18.2 8.6 25.6 
VALUE [%] 95.5 85.0 83.9 

18 - Table 9.4.3.1: Differences due to choice strategy type in Study 1 pilot 

How do the strategies perform under varying complexity? Based on VALUE, 
HEURISTICS performs better than WADD in the equal distance, equal weight condition (CP1). 
The literature on fast-and-frugal heuristics (e.g. Katsikopoulos et al., 2018) established that 
HEURISTICS can under certain conditions perform at least as good as WADD. The CP1 result 
provides a further example. As demonstrated in Section 8.2, I expected HEURISTICS to 
perform well in CP1. MIXED also displays excellent performance here. However, considering 
selectivity scores, HEURISTICS are most efficient overall in CP1 due to expected time savings. 
After the spread on the attribute scale is manipulated (CP2), the VLAUE performance of 
WADD becomes best. This is no surprise, as the strength to detect cardinal differences of 
exhaustive procedures comes to fruition. Most HEURISTICS are not well suited to identify and 
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incorporate this manipulation. Overall HEURISTICS perform solid, however. In CP3, a drop 
in VALUE occurs for WADD with the change of attribute ranges. I presume that the range 
manipulation significantly contributes to perceived complexity because HEURISTICS, some 
of which should not spot this change, remain constant in performance. Combining both 
manipulations in CP4 does not further mitigate VALUE performances. Despite the complexity, 
WADD and HEURISTICS achieve similarly high VALUE. According to the literature, one 
would expect WADD to perform better here. In a simulation study by Bettman et al (1993), 
WADD achieved perfect scores under all conditions. The pilot shows however, that real people 
fail to execute WADD that precisely. Not all theoretical benefits of WADD could be realised. 
HEURISTICS maintain a solid performance in CP4 even though they lack WADD’s rigor. 
Their simplifying approach results in comparative VALUE with WADD under higher 
complexity (CP3 & CP4), and in better VALUE in simple tasks (CP1). Only in CP2 WADD 
outperformed HEURISTICS. This is maybe because contextual complexity is sufficient to 
increase HEURISTICS inaccuracy, while being still manageable for WADD to be properly 
executed. 

 
The impact of the prescriptive intervention is consistent with my previous findings. It 

suits a compatibility viewpoint. VALUE score for WADD, which is most compatible with the 
intervention, increases to 95.5% post-intervention. This is the highest value for any strategy 
under any condition. Performance of HEURISTICS decreases after the video. I assume this 
might relate to DMs failure to translate the video concepts into the heuristic context. Also, 
subjects who employed the concepts appropriately might have moved into the MIXED or 
WADD class during strategy identification. Fitting with this explanation, post-intervention the 
frequency of WADD increases from 5 to 7 while for HEURISTICS it decreases from 12 to 10. 

 
In summary, the analysis on differences in strategy usage indicates that HEURISTICS 

performed surprisingly well, and quite consistently so. I predicted good VALUE performance 
for simple CP1, but HEURISTICS only drop slightly even in the most complex CP5.  In fact, 
VALUE scores are high across decision strategies throughout Study 1 with few exceptions. 
Because of this, not much improvement is attainable post-intervention. This may underestimate 
the benefits of the prescriptive intervention stage. 

 
 One possible explanation for HEURISTICS reported efficiency might be dispersed 

weights. For instance, as LEX user you can increase your probability to select consistent with 
the elicited value model if you set one attribute weight significantly higher than the others. In 
that case, even with attribute spread and range manipulations, the alternative that is best on your 
preferred attribute might remain the correct choice. For this reason, I tried to create a choice 
environment, which starts out with relatively equal attribute weights in CP1. As Table 9.4.1.3 
shows, this was successful. In the second elicitation round, the mean weights are 33.9 (F), 31.6 
(A) and 29.8(P). Nevertheless, on the individual level weights may still be dispersed, and if that 
dispersion truly represents preferences there is nothing wrong with that. Strategically speaking, 
however, it could be used as a coping mechanism. For instance, subject #19 was a heuristic DM 
who did not adapt the processing approach during the pilot. Despite this fact, its overall VALUE 
performance was among the best. #19 weighed ‘fuel’ 53%, ‘age’ 33% and ‘price’ 14% for CP2. 
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The attribute range manipulation emphasised this distribution further49. Considering instead 
process-related measures like EVC_INDEX (Table 9.4.2.1), #19 did not do particularly well. 
In the small data sample such effects might overestimate the efficiency of HEURISTICS.  

 
Overall, WADD performs better in more complex conditions, such as when the attribute 

spread is unequal. In the most complex context, WADD only outperformed HEURISTICS post-
intervention. Maybe unassisted DMs struggle to execute WADD precisely. The influence of 
the intervention on strategy usage and performance is consistent with a compatibility viewpoint. 
Consequently, prescriptive intervention as a tool cannot rely on the traditional account that 
sophisticated choice strategies are generally more accurate than HEURISTICS. It may focus on 
the wrong mechanism like only inducing the use of certain type of decision strategies. My data 
showed that this approach can be inefficient. It is thus important to emphasise and enable people 
to execute a strategy correctly. For this task it would be helpful to detect what strategy a DM 
intends to use and then tailor the intervention stage accordingly.  

 
 

9.5 Implications for Study 1 
 
 I will now summarise all relevant findings of the Study 1 pilot and discuss their 
implications for the main data collection in Chapter 10. I begin with the validation of 
assumptions. 
 

9.5.1 Validation of Assumptions 
 
 There exist two assumptions that require validation. First, I predicted the efficiency of 
different choice approaches in Section 8.2 based on the assumption that DMs start out with 
equal weights in CP1 and CP2. According to this prediction, the performance of ordinal choice 
strategies should decrease with increasing complexity. The between-subject analysis indicated 
that CP1 might be an outlier in the data, so I focused on CP2 instead. In the second elicitation 
round (Table 9.4.1.3) the ‘equal weight’ assumption could be supported. On average the 
attribute weights were relatively equal: 33.9 (F), 31.6 (A), and 29.8 (P). 
 
 The second assumption was that results should not depend on the mode of calculation. 
In MT studies data about time and frequency measures is collected. Due to a necessary 
adjustment in the JavaScript code for Study 2 (Section 8.3), time measures may be altered. 
Therefore, I intend to substitute time with frequency measures. During the Study 1 pilot, I tested 
both approaches for correlation. The positive correlation for ACQ, TIME, SD, and R variables 
were all statistically significant. Thus, I argue that the assumptions have been validated by the 
empirical data.  
 
 

 
49 During the manipulation, the ‘fuel’ range increased most, while the ‘price’ range decreased. 
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 9.5.2 Summary of Findings 
 

Between-subjects analysis indicated that CP1 might be an outlier. CP1 is suspicious 
particularly because of ACQ and TIME values (Pfeiffer et al., 2014, p.11). People appear not 
to be acquainted with the choice environment yet. Despite this, results showed a trend towards 
consistent choice processing behaviour with increasing complexity, which is consistent with 
previous literature. The impact of the intervention stage on VALUE was marginally positive. 
Process-related measures displayed improvements as well. I find more attention towards 
extreme value information. The focus is also more balanced between minima and maxima. That 
outcome-based VALUE improvement is only marginal also has to do with generally high 
VALUE scores throughout the experiment. This might underestimate effects of the prescriptive 
intervention since DMs could only attain a maximum VALUE of 100%. 
 
 Within-subjects analysis revealed a variety of heterogenous choice approaches. On the 
individual level, many DMs show highly adaptive behaviour towards changes in the choice 
environment as well as the prescriptive intervention. However, this adaptivity is not a blessing 
for everyone. Some adaptive subjects appear to be hurt by the intervention, while few consistent 
WADD and HEURISTIC users benefit, or at least maintain stable VALUE performances. 
Overall, the adjustments and the corresponding impact on VALUE broadly fit the compatibility 
viewpoint (Section 8.4). The intervention stage appears to disproportionately help DMs who 
employ choice strategies that are more compatible with the concepts of the prescriptive video. 
DMs who lack compatible ideas appear to ignore the information or struggle to incorporate it 
correctly, which might contribute to failures of adaptation (Payne et al., 1999).  
 
 Analysis based on differences in choice strategy usage indicated that overall 
HEURISTICS performed well. Their scores are relatively consistent despite changes in 
complexity. WADD also performs well, but not as good as expected. Particularly after the range 
manipulation (CP3), some participants failed to implement WADD effectively. HEURISTICS 
outperformed WADD in the simplest choice context (CP1), as expected, but also posed a 
‘threat’ in the more complex CPs. After closer inspection, the efficiency of HEURISTICS in 
complex contexts may be overestimated by DMs having highly dispersed weights. As shown 
for subject #19, dispersed weights increase the probability to predict the alternative, which is 
consistent with the elicited value model. Post-intervention WADD outperformed all decision 
strategies. Outcome- and process-related measures suggest an improvement due to the video, 
while HEURISTICS perform worse. Again, this finding is consistent with a compatibility 
viewpoint. Implications for prescriptive DA were briefly discussed. 
 
 A few concluding notes: First, I found positive effects from the prescriptive intervention, 
despite mitigating factors. The consistently high VALUE scores limit the amount that the 
intervention ‘can’ improve decision-making50, which may underestimate its actual benefits. 
Also, the efficiency of HEURISTICS may be overestimated because of dispersion of weights 
(Heck et al., 2017, p.27). Therefore, I regard pilot results as interesting despite the small data 

 
50 Selections can only become 100% consistent with the elicited value model. Since VALUE scores are high pre-
intervention, there is not much further room for improvements. 
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sample. Second, the proposed process-related measures of choice quality, the MRTC concept, 
indeed behave as expected throughout the experiment. ‘Better’ scores on EVC_% and 
EVC_INDEX variables corresponded well with the use of sophisticated choice strategies, and 
thus could be interesting for the future. 
 

 9.5.3 Adjustments for Main Study 
 
Lastly, I describe necessary adjustments for the main study. The main issue that I 

discovered, besides the size of the statistical sample, was that DMs were not familiarised yet 
with MT at the start of the pilot. As a result, the data for CP1 is likely an outlier. Also, based 
on between-subjects analysis, the motivation of subjects may have dropped during the on-going 
experiment. This is a potential problem because the propositions I stated rely on the fact that 
DMs care about choice accuracy. 

 
To improve the set-up for the main data collection, I therefore propose the following 

adjustments: First, I will be present at the data collection site to supervise the process. Second, 
I will implement practice examples to familiarise subjects with MT. Third, I will 
counterbalance the presentation order of CPs. However, due to the intervention I can only 
counterbalance CP1 to CP3. Fourth, to increase the motivation of subjects and to emphasise 
accuracy goals I will reimburse participants (Yang et al., 2018). Via the use of financial 
incentives, it is possible to keep participants motivated and encourage real-life choice behaviour 
(ibid.). I secured funding for this purpose. I intend to implement a scheme of payment that is 
based on performance, combined with a fixed monetary amount for every subject who finishes 
all tasks. I will define this scheme during Section 10.1.1.    

 
 

9.6 Variables & Hypotheses for Pilot Study 2 
 

The variables for Study 2 pilot measure the following characteristics of the decision-
making process: overall processing amount, selectivity of processing behaviour, transitioning 
behaviour, MRTC (including analysis of ‘clicking behaviour’), and value model consistency. I 
will cover overlaps with Study 1 only briefly but focus on differences and extensions to the 
previous analysis. Afterwards, I will derive propositions for the variables. 

 
 
9.6.1 Overall processing behaviour 
 
I drop TIME due to the aforementioned reason that time measurements could become 

unreliable in Study 2. Therefore, I only report ACQ and HOLISTIC to describe overall 
processing behaviour of subjects. Study 2 also drops the complexity manipulations that I 
introduced in Section 8.2. As a result, not all propositions of Table 9.1.1 are relevant. Study 2 
employs two unrelated CPs of comparable structure, so that any changes from one condition to 
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the other should be attributable to the prescriptive intervention video51. Previously, I discussed 
that literature relates sophisticated strategies with higher cognitive effort and more extensive 
information-processing behaviour, which corresponds with higher values for ACQ and 
HOLISTIC. Contrary, HEURISTICS target the simplification of the choice process (Shah & 
Oppenheimer, 2008), which for most approaches implies lower values for ACQ and 
HOLISTIC. Thus, the overall effect depends on the adaptation behaviour of subjects. 

 
Proposition 1.1: The influence of the intervention on ACQ and HOLISTIC depends on 

subject’s adaptivity. Particularly, it depends on differences in decision 
strategy usage due to the intervention, rather than the choice contexts 
themselves. 

 
 
9.6.2 Selectivity of processing behaviour 
 

  Regarding the selectivity of information-processing behaviour, all variables are 
computed solely based on frequency measures. I focus again on SD and R variables. The impact 
of the prescriptive intervention on SD is expected to be the same as in Study 1.  
 
Proposition 2.1: The influence of the intervention on SD depends on subject’s adaptivity. 

While I expect lower SD-ALT, the impact on SD-ATT is unclear. 
 

I update the prediction for R-ATT based on the analysis reported in Section 9.4.1. It 
revealed that, on average, subjects struggled pre-intervention to focus their time and effort 
towards attribute information that they deemed important. Correlation scores were slightly 
negative, and with regards to previous literature surprising (Rieskamp & Hoffrage, 2008). The 
question is if negative correlation can be regarded as faulty decision-making, or rather as result 
of subjective preferences? I argue that negative values for R indicate choice behaviour, which 
is not sophisticated. The reason is that unless a DM is very conscious about his preference on 
the performance levels of the most important attribute, focussing on lower-weighted differences 
can cause bad choices. Look at this argument from the additive value function (Equation 4.1): 
Differences on attributes with higher weights influence the overall VALUE of every alternative 
more severely. Thus, I cannot recommend neglecting this information. In our context with five 
options, I further presume that it is not easy to establish the strength of preference on every 
attribute precisely. As a result, DMs should distribute their limited processing capabilities 
towards prioritised information.  

 
Highly positive R scores, however, do not indicate sophisticated, but heuristic 

processing behaviour. The logic is that such scores correspond to rules like LEX, which mainly 
distinguish alternatives based on the top-weighted attribute. This approach can also lead you 
astray in certain conditions52. Sophisticated ML1 strategies report R-ATT values in between 
those extremes. For instance, Rieskamp & Hoffrage (2008) calculated the variable from 0.44-

 
51 This statement assumes that both CPs are similar in the sense that choice-processing behaviour does not 
inherently differ between them. This assumption will be validated for the main study in Section 10.6.2.1.3. 
52 An exemplary condition is when attribute weights are not dispersed but equal. 
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0.63 for WADD and between 0.69-0.73 for LEX. While these scores are not equivalent to a 
normative benchmark, they can still be used for comparison purposes. 
 
Proposition 2.2: The influence of the intervention on R depends on subject’s adaptivity, 

but R scores should not be negative. 
 

 
9.6.3 Transitioning behaviour 
 
 Initial propositions about post-intervention transitioning behaviour were broad. They 

did not predict the change in direction relative to attribute- and alternative-based processing. 
During the Study 1 pilot, post-intervention transitioning behaviour became more attribute-
based overall. Potentially this was caused by the attribute importance concept becoming more 
salient after the intervention video. Based on this argument I update the proposition. 
 
Proposition 3.1: While the influence of the intervention on PATTERN depends on 

subject’s adaptivity, transitioning behaviour will become more attribute-
based due to the salience of the attribute importance concept. 

  
With regards to PATTERN_1st and PATTERN_2nd, results from the Study 1 pilot 

provided no evidence to link changes in choice quality to changes in transitioning behaviour. 
Instead, it appeared that choice performance did not primarily depend on the type of choice 
strategy employed, but on how well it was executed. Therefore, I no longer include a proposition 
for PATTERN_1st and PATTERN_2nd.   

 
 
9.6.4 MRTC 
 
 There are changes in the Study 2 pilot with regards to MRTC. Firstly, there is no 

attribute range manipulation and therefore the RSI is dropped from analysis. Secondly, the 
‘clicking feature’ is introduced. This feature opens new possibilities, but also restrains others. 
For instance, the VTO_% variable is not meaningful for Study 2 because via the ‘clicking 
feature’ cells can be opened permanently. Therefore, VTO_% would have to consider not only 
the hovering sequence, but also which cells have been opened at any timepoint. Also, just 
because a value trade-off would be feasible through the revealed information does not prove 
that the DM considered it. Available Mouselab data is insufficient for this inference; rather it 
would necessitate ET data. In comparison, for EVC variables, if extreme value cells are clicked, 
which lessens the need to continue hovering them and therefore might lead to lower EVC_%, 
the fact that extreme value cells have been clicked in itself demonstrates strong focus. Thus, it 
should be considered if and how the ‘clicking feature’ was utilised. 

 
Clicking behaviour of subjects can uncover new insights. Corresponding analysis may 

target different aspects. Based on my previous argument, clicks provide a stronger measure of 
focus than traditional time and frequency measures. Firstly, it is interesting to analyse how much 
and what information is clicked, and in the spirit of MRTC also how that information relates to 
extreme values of each attribute. Secondly which information is acquired prior to the decision 
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to click a specific cell. I postpone the analysis of this sequence to Section 9.9.4. Now, attention 
is paid to the first point. 

 
The amount of clicks available per CP is limited to six (Section 7.4). DMs may or may 

not exploit this resource. I propose CLICKS as a simple variable to measure how many cells 
were highlighted. In addition to that, I introduce CLICKS_EVC to evaluate how much 
highlighting targets extreme values. I report CLICKS_EVC as a total and as a percentage. Like 
for EVC_% in Section 9.1.4, a 40%-benchmark is used to assess CLICKS_EVC. Note that 
‘selection buttons’ do not interfere with CLICK_EVC. Therefore, the benchmark can be 
employed more strictly than for EVC_%. CLICKS_EVC should exceed 40% post-intervention, 
and assumingly be relatively lower before based on prior results for EVC_%. There is no 
proposition for CLICKS yet, as this pilot experiment is of exploratory nature. Lastly, EVC_% 
and EVC_INDEX variables remain for discussion. However, based on pilot Study 1 analysis, 
no substantial adjustment to previous propositions seems necessary. Only the EVC_% random-
search benchmark is decreased to 35% following the discussion in Section 9.4.1. 
 
Proposition: 4.1:  In the unassisted part, EVC_% will be relatively lower. 
 
Proposition: 4.2:  Post-intervention, EVC_% will exceed the benchmark of 35%. 
 
Proposition: 4.3:  Post-intervention, the average deviation of EVC_INDEX from 0 will 

decrease. 
 
Proposition: 4.4:  Post-intervention, CLICKS_EVC will exceed the benchmark of 40%.  
 

 
9.6.5 Value model consistency 
 
Value model consistency is again utilised as an outcome-based measure of choice 

quality. In case of a successful prescriptive intervention stage I expect subjects to increase their 
VALUE scores post-intervention. 

 
Proposition: 5.1:  Post-intervention, VALUE will increase. 

 
 This finalises the overview of variables and propositions for the Study 2 pilot. I focused 
on differences to Study 1. Changes are mainly caused by the absence of manipulations to the 
contextual complexity and the attribute ranges. Instead, unrelated choice contexts are used, and 
the ‘clicking feature’ is introduced. Table 9.6.1 displays all propositions. 
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1. Overall Processing Effort 

Proposition 1.1 
The influence of the intervention on ACQ and HOLISTIC depends on subject’s 
adaptivity. Particularly, it depends on differences in decision strategy usage due 
to the intervention, rather than the choice contexts themselves. 

2. Selectivity of Processing Behaviour 

Proposition 2.1 The influence of the intervention on SD depends on subject’s adaptivity. While 
I expect lower SD-ALT, the impact on SD-ATT is unclear. 

Proposition 2.2 The influence of the intervention on R depends on subject’s adaptivity, but R 
scores should not be negative. 

3. Transitioning Behaviour 

Proposition 3.1 
While the influence of the intervention on PATTERN depends on subject’s 
adaptivity, transitioning behaviour will become more attribute-based due to the 
salience of the attribute importance concept. 

4. MRTC 
Proposition 4.1 In the unassisted part, EVC_% will be relatively lower. 
Proposition 4.2 Post-intervention, EVC_% will exceed the benchmark of 35%. 
Proposition 4.3 Post-intervention, the average deviation of EVC_INDEX from 0 will decrease. 
Proposition 4.4 Post-intervention, CLICKS_EVC will exceed the benchmark of 40%. 

5. Value Model Consistency 
Proposition 5.1 Post-intervention, VALUE will increase. 

 
19 - Table 9.6.1: Propositions for Study 2 pilot 

 
 

9.7 Data for Pilot Study 2 
 
In this section I discuss the data collection procedure for Study 2 pilot, and how raw 

data was processed for subsequent analysis. 
 

 

9.7.1 Data Collection 
  

Data was collected using Mouselab and Qualtrics. The precise setup was explained in 
Chapter 8. The target was 20 complete responses. Participants from Study 1 were excluded 
from Study 2. Consequently, all subjects were unfamiliar with the context and procedure. A 
complete response consisted of the finished survey, and answers to both CPs of Figure 8.3.1. 
Also, the time taken between both CPs had to exceed the duration of the prescriptive video. If 
uncertain, I confirmed with the individual respondent. Also, if pages or CPs were skipped or 
answered unrealistically fast, I excluded the data. Because choice contexts were unrelated, I 
expected participants to spend more time understanding each CP. Thus, I was stricter in my 
evaluation. 

 
I contacted 29 people. No financial compensation was offered for participation. Data of 

two respondents was dismissed for being incomplete. Another respondent was excluded from 
further analysis because that person restarted the experiment multiple times. The remaining six 
people did not return data back in time. Data was collected from 15th April until 3rd May 2019 
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over a course of two and a half weeks. Of the 20 final participants 15 were female and 5 were 
male. All were either students or at an early-career stage. Completion times ranged from 7 
minutes to 62 minutes 54 seconds with an average of 25 minutes 48 seconds over 18 
participants. Thus, the range of completion times was relatively large across participants. One 
disadvantage of web-based data collection is that with my experimental set-up I cannot exclude 
the possibility that some subjects took breaks during the experiment. This might have negative 
impacts on data quality as not all subjects performed the tasks under similar conditions. I will 
consider lab-based data collection for the main studies to address this potential drawback. 
Further, time measures for two respondents could not be reported due to interruptions during 
the survey. Like in Study 1, I did not dismiss their data, however. The difference in average 
completion times between Study 1 and Study 2 is not major, despite Study 2 having only two 
CPs. I attribute this to them being unrelated, rather than related CPs as in Study 1.  

 
 

9.7.2 Data Processing 
 

I covered the general data-processing procedure for Mouselab and Qualtrics raw data in 
depth (Section 9.2.2). I will therefore be concise and focus on differences for Study 2. I begin 
with the processing procedure of Mouselab data.  

 
 

9.7.2.1 Mouselab Data 
 
Based on my previous experience, I assessed responses to identify and eliminate 

problematic data points; for instance, when Mouselab pages were finished in an extremely short 
or long amount of time. Generally, subjects appeared to be engaged with CPs throughout the 
experiment. Therefore, I did not encounter any issues here. Only #16 was considered for 
potential elimination due to short completion times, but eventually I kept it. Thus, all complete 
responses were used for analysis. Next, I verified the datalyser threshold once more by sampling 
raw data. The characteristics were of similar nature as in Study 1. Therefore, the threshold 
remained at 175ms to keep scores for variables comparable between both studies.  

 
 Next, I manually added columns for the calculation of variables to the database. For the 

analysis of transitioning behaviour, I coded occurrences of alternative-based, attribute-based, 
and mixed transitions. For MRTC, I coded lookups of extreme value information, and 
determined the type of each acquisition (maximum or minimum). For the new ‘clicking 
feature’, I further added columns to detect and count these clicks, as well as to determine the 
type of click (extreme value or not). For more in-depth analysis on the trigger to click specific 
cells, I further explored the 6-cell sequence before each click. The 6-cell sequence was 
considered appropriate due to the cognitive limitations that were discussed previously (Section 
7.4); particularly the limitations to working memory (Miller, 1956). 
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9.2.2.2 Qualtrics Data 
 

I created the database for Qualtrics data by importing the responses as TSV file into 
Excel. After confirming consent of all participants, I inspected the elicited value model 
information for problematic responses, based on the conditions and assumptions stated in 
Section 8.3. For the marginal value functions of CAR, I detected no issues. I only normalised 
some responses to the 0-100 range.  

 
For FLAT, however, there were two suspicious responses on the ‘commuting time’ 

attribute. Particularly, those responses failed to satisfy monotonicity. Both subjects’ most 
preferred performance on the attribute was an intermediate level, rather than an extreme. 
Following Belton & Stewart (2002) this may indicate two conflicting objectives: The intent of 
living not too far from work, but also not too close to it. I reached out to one of the participants. 
That person inferred from very short commute that location of the flat might possibly be in an 
industrial zone. Such inferences are undesirable for the elicitation process. I tried to eliminate 
them by pointing out that all performances should be evaluated under the assumption that 
everything else is equal. However, human behaviour is not rational. I do not regard the 
occurrence of such inferences as a general problem of the ‘commuting time’ attribute itself 
though. Therefore, I will deal with this issue in the main study by adjusting the range to dismiss 
commuting times below 20 minutes. Above that value, the data showed no violations of 
monotonicity. For the pilot analysis, however, I used the original responses.  
 
 

9.8 Data Analysis of Pilot Study 2 
 

The data analysis includes identification of choice strategies, and computation of 
variables utilised for the propositions of Table 9.6.1. I will discuss them both below. 

 
 

9.8.1 Choice Strategy Identification 
 

The design of Study 2 does not use notation of cells. Therefore, I argue that shortcuts 
are of no practical concern here. Information-acquisition patterns should be consistent with 
previous literature. Only the ‘clicking feature’ may exert influence, as clicked cells would not 
have to be re-acquired. The identification metrics by Riedl et al (2008) provide a framework to 
distinguish several decision strategies (Section 7.1). 

 
An adjusted version, which focuses on relevant content is displayed in Table 9.8.1.1. 

Metric 1 identifies WADD, LIM, and FRQ. One way to further distinguish those choice 
approaches to the ML, which was discussed previously, is based on cognitive effort. While time 
measurements as input were dismissed for Study 2 analysis, the changes to the JavaScript code 
(Section 8.3) do not alter the selection time totals. Instead, time measurements for specific cells 
only become ambiguous from the timepoint a cell was clicked. Subjects are not likely to 
highlight cells right at the start of their choice processes. At least not, if their clicking decision 
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is motivated by ordinal or cardinal considerations of performance levels. Therefore, I will use 
average time spent per acquisition to distinguish WADD from LIM and FRQ. If unclear, I will 
base the categorisation on frequencies and assume that WADD’s higher complexity requires 
more extensive acquisitions. A potential threshold will be explored with regards to the available 
data if necessary. The ratio of 2.5 for classification of WADD, LIM, and FRQ, which is shown 
in Table 9.8.1.1, was calculated in Section 7.1. Note that an alternative-based strategy that fails 
to be classified as WADD, LIM, or FRQ may be SAT instead.  
 

 
Three Metrics for choice strategy identification 

 
 
 

Metric 1: Identification of 
WADD, LIM, and FRQ 

 
 

Ratio of alternative-wise to 
attribute-wise and mixed 

transitions 
 

 
Based on the structure of the 
choice problems, the ratio is 

2.5. 
A tolerance level can be 

employed 
 

 
 

Metric 2: Identification of 
MCD 

 
 

Ratio of information-
acquisition frequencies on 

choice  
alternatives 

 

 
 

Based on the structure of the 
choice problems, possible 

ratios are 4:1:1:1:1, 
3:2:1:1:1, or 2:2:2:1:1 

 
 
 

Metric 3: Identification of 
LEX and EBA 

 
 

Correlation between attribute 
rank and number of 

acquisitions for an attribute 
 

 
LEX & EBA should have 

correlation scores around -1, 
and 

consistent strategies (across 
attributes) around 0 

  

 
Additional properties: 
Identification of SAT 

 
Mix of previous metrics 

 
SAT predicts that DMs select 

alternative with highest 
number of frequencies 

Metric 1 fails classification 
while alternative-based 

processing 
Metric 3 correlation scores 
either negative or 0 while 

alternative-based processing 
 

20 - Table 9.8.1.1: Choice strategy identification for Study 2 pilot (Riedl et al., 2008) 

Metric 2 identifies MCD. An adjustment to the original procedure is required because 
the ratio of time spent on choice alternatives might not be unambiguously available. Again, I 
will deal with this by using frequency measures instead as approximation. The correlation 
between both type of measurements has been established during the previous analysis. For our 
choice context with five alternatives, three different ratios are possible (Table 9.8.1.1). They 
are based on a simulation by Riedl et al (2008).  
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Metric 3 identifies LEX and EBA according to the correlation between attribute rank 
and number of corresponding information acquisitions. LEX and EBA should have negative 
scores close or equal to -1, while strategies that process consistent across attributes should have 
scores around 0. If the score for a strategy is negative or around 0, while it processes information 
alternative-based it might be SAT. Finally, SAT has the additional property that it predicts to 
select the choice alternative with the highest number of opened cells. In theory, the framework 
of Riedl et al (2008) allows identifying six of the seven choice strategies I consider using three 
metrics. The seventh and final strategy, SAT, can be inferred from a set of additional properties 
that are displayed in Table 9.8.1.1. 

 
Next, I report on the practical application of these metrics for strategy identification. 

The results are displayed in Table 9.8.1.2. The table displays values for all three metrics and 
the Payne Index. Highlighted cells approached the thresholds that were summarised in Table 
9.8.1.1. Dark green indicates a strong match while light green cells require tolerance levels. 
The last column states the identified strategy (STRAT). In Study 2, I not only distinguish 
WADD and HEURISTCS, but also the MLs introduced in Table 6.2.1. Dark orange is assigned 
to heuristics that incorporate attribute weights (ML2), such as EBA, LEX, and LIM. Light 
orange indicates heuristics without attribute importance (ML3) like MCD, SAT, and FRQ. The 
theoretically derived thresholds, even when using tolerance levels, are only capable to identify 
a subset of cases. Unidentified cases are shown as blue in Table 9.8.1.2. The size of that subset 
is 35% pre-, and 55% post-intervention. This is evidence that subjects do not want, or fail, to 
implement strategies precisely in reality53. Also, the combination of choice strategies might be 
common. Nevertheless, the application of this rigorous decision strategy identification 
framework was a conscious decision. I intend to compare pilot Study 2 findings with pilot Study 
1 in which the strategy identification procedure was based on my own algorithm. 

 
Metric 1 classifies three cases for CP1 (CAR). Two of them, #3 and #4 failed the 

threshold initially, but showed higher ratios in the latter half of their choice processes. Further, 
because the outcome-prediction for SAT (Table 9.8.1.1) was not satisfied and those subjects 
processed alternative-wise they must be categorised accordingly. I set both as WADD (ML1) 
as they invested cognitive effort and considered attribute weights; even though #3 did not 
consider them appropriately (R-F-ATT in Section 9.9.2). The decision in favour of WADD for 
#4 was a close call. There is a chance it is LIM due to the subject’s focus towards minima 
(EVC_INDEX). Also, #4 was in proximity to the thresholds of Metric 2 and 3. I classified the 
third subject, #14, as FRQ because evaluation of cognitive effort indicated the use of 
HEURISTICS and the EVC_INDEX value makes it unlikely to be LIM. 

 
 
 
 
 
 
 

 
53 ‘Precise’ refers in this context to the purity of application. The framework of Riedl et al (2008) is based on the 
theoretical description of decision strategies. Reality and theory are not necessarily equivalent.   
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ID 

 
METRIC 1: 

WADD, LIM, 
FRQ 

 
METRIC 2: 

MCD 

 
METRIC 3: 
EBA, LEX 

 
PAYNE 

 
STRAT 

CP1 (CAR) 
1 0.7317 5:1:2.3:3:1 -0,9843 -0,1176 EBA/LEX 
2 0.2222 5:1:3:2:1 -0,4163 -0,6000 X 
3 1.1923 2:1:3:2:1.5 -0,9774 0,1698 WADD 
4 1.0000 2.7:1:1.3:1.7:1 -0,9997 0,1000 WADD 
5 0.8235 1:1.7:1:1:2 -0,6456 -0,0345 X 
6 0.6867 1:2.5:3:3.5:3.3 -0,9799 -0,1231 EBA/LEX 
7 0.4833 3:1:2.4:1.4:1 0,9572 -0,2750 MCD 
8 0.4627 2.5:1:1.7:1.6:2.5 -0,9867 -0,3034 EBA/LEX 
9 0.2247 2.3:1.4:1.5:1.3:1 -0,9308 -0,6190 EBA/LEX 

10 0.2821 1.6:1:1:1.5:1.5 0,1829 -0,4884 MCD 
11 0.3973 3.4:1.5:1:2.4:2 -0,9820 -0,3256 EBA/LEX 
12 0.5522 1:3:1.5:1.6:1 -0,3974 -0,1957 X 
13 0.3571 1:5:6.5:4.5:2.5 -0,8421 -0,3939 X 
14 2.0000 n/a -0,5507 0,6471 FRQ 
15 0.3690 1:1:1.3:2:1 0,8660 -0,3800 X 
16 0.3333 n/a -0,9677 -0,2000 EBA/LEX 
17 0.3830 1.7:1.3:1:2:1.3 0,0294 -0,3898 X 
18 0.3830 4:2:1:5:3.7 -0,9997 -0,1011 EBA/LEX 
19 0.7547 2.3:1:1.4:1:1 -0,8660 0,3023 X 
20 0.6056 1.4:1:2:1:1.5 -0,9769 -0,1810 MCD 

CP2 (FLAT) 
1 0.0851 1:1:2:2.7:1.7 -1 -0,8333 EBA/LEX 
2 0.2632 1:4:6:5:9 0,8825 -0,5238 X 
3 0.6190 2:1.3:4:1.6:1 -0,6875 -0,2239 X 
4 0.4762 2:1.5:1.5:2:1 -0,9449 -0,2857 EBA/LEX 
5 0.4750 1:2:2:1.3:2.3 -0,0321 -0,3559 MCD 
6 0.2326 2.7:1:2:1.7:1.7 -0,6831 -0,5833 X 
7 0.3025 1:1.3:1.3:1:1 0,0238 -0,4745 X 
8 0.7125 1:1:1.7:1:1 -0,8065 -0,0732 X 
9 0.5000 1:1:2.6:1.3:3.5 0,4148 -0,3056 MCD  

10 0.2206 1:1:1.6:2:2 0,6394 -0,5588 MCD 
11 0.8537 2:2.5:1:2:2 -0,5306 0,0606 WADD 
12 0.2281 2:2:2:1:2.3 -0,3860 -0,5667 X 
13 0.2500 3:1:2:2:4 -0,9867 -0,5714 EBA/LEX 
14 0.5294 2:2:3.6:1:2.4 -0,9565 -0,2174 EBA/LEX 
15 0.4683 1.5:1:2.3:1:1.6 0,0067 -0,2892 X 
16 0.8000 n/a -1 0 SAT 
17 0.4286 1:1:2.3:1.5:1 0,9621 -0,3636 X 
18 0.6327 3.6:1:4:3.5:5.5 -0,5276 -0,1622 X 
19 0.2500 2:1:1.3:1:1.3 -0,6934 -0,5789 X 
20 0.2857 1.6:1.5:2:1:1.3 -0,6934 -0,5276 X 

21 - Table 9.8.1.2: Identified choice strategies for Study 2 pilot 

Metric 2 categorised four cases but #4 was already classified by Metric 1 above. The 
remaining three subjects, #7, #10, and #20, were categorised as MCD. Only #20 satisfied 
several metrics and therefore required further inspection. Via Metric 3, I only categorised 
subjects as EBA/LEX for Payne Index scores below -0.2 unless there was no other contending 
choice strategy. Also, #20 has a negative R-F-ATT value, while proper execution of EBA/LEX 
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predicts a positive value (Rieskamp & Hoffrage, 2008). Finally, for EBA/LEX categorisation, 
the Metric 3 correlation coefficient had to be around -0.95 or higher. Overall, I classified seven 
cases as EBA/LEX for CP1 (CAR). The remaining seven cases could not be identified.  

 
For the post-intervention CP2 (FLAT), strategy identification became even more 

discriminatory. Metric 1 did not identify any cases directly. At closer inspection however, the 
two highest ratios #11 and #16 had to be either WADD or SAT. I dismissed other HEURISTICS 
based on cognitive effort evaluation and Payne Index scores. #11 processed exhaustive, while 
#16 was selective. Consequently, I categorised the former as WADD and the later as SAT. With 
Metric 2 and Metric 3 I identified three and four cases, respectively. Ultimately, over half of 
subjects remained unidentified for CP2. 

 
The approach by Riedl et al (2008) requires that choice strategies are executed 

matchable with traditional process descriptions. Numerous participants did not behave that way. 
That does not imply that they did not employ a specific strategy though. All that is required for 
the classification procedure to become uncertain is for subjects to acquire some unnecessary 
information. This can easily occur. Also, the rise of unidentified cases post-intervention may 
result from adaptations to the prescriptive video. Due to the amount of unidentified cases, I 
require a large sample in the main study to detect differences with respect to choice strategy 
MLs. Furthermore, for the main study I will establish clear cut-off points for each Metric, as 
well as priority rules for the case that several Metrics are simultaneously satisfied. An 
individual assessment for each person, as provided during this pilot, might be regarded as 
subjective and will thus be avoided for the remainder of the thesis.  

 
 

9.8.2 Calculation of Variables 
 

In this subsection I present how each variable was computed. There is certain overlap 
with Study 1 pilot, but also some changes due to the focus on frequency measures. Additional 
variables were added because of the ‘clicking feature’. Table 9.8.2.1 provides an overview 
grouped according to variable types.  
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Characteristic 

 

 
Variable 

 
Source 

 
Modes of Calculation 

Overall 
Processing 

Effort 

ACQ Mouselab Available from Mouselab 
 

HOLISTIC_0 
 
Mouselab 

1. Process summary data from Mouselab 
2. HOLISTIC_0: Calculate proportion of sampled cells 

 
 
 

 
Selectivity of 

Processing 

 
 

SD-F-ATT &  
SD-F-ALT 

 
 
Mouselab 

1. Frequency measures on attributes and alternatives from 
Mouselab 
2. Calculate time & frequency proportions for every alternative 
and attribute within Excel 
3. Calculate standard deviation of proportions using 
STABW.S-Excel function 

 
 

R-F_ATT 

 
 
Mouselab 
Qualtrics 

1. Frequency measures on attributes from Mouselab 
2. Elicited attribute weight data from Qualtrics 
3. Calculate frequency proportions for every attribute within 
Excel 
4. Calculate correlation between attribute weights & 
proportions using CORREL-Excel function 

 
Transitioning 

Behaviour 

 
 

PATTERN 
 

 
 
Mouselab 

1. Process data from Mouselab 
2. Code for attribute, alternative, and mixed type of transitions 
within Excel 
3. Calculate Payne Index for every subject: Equation 7.1 
4. Calculate average Payne Index  

 
 

PATTERN_1st 
PATTERN_2nd 

 
 
Mouselab 

1. Process data from Mouselab 
2. Code for attribute, alternative, and mixed type of transitions 
within Excel 
3. Use relative_count within process data to create divisioned 
data for first and second half of choice process 
4. Calculate Payne Index for divisioned data 

MRTC 

 
EVC_% 

 
Mouselab 

1. Process data from Mouselab 
2. Code for extreme value acquisitions within Excel 
3. Calculate proportion of extreme value data  

 
EVC_INDEX 

 
Mouselab 

1. Process data from Mouselab 
2. Code for maxima and minima aquisitions 
3. Caclculate EVC_Index: Equation 9.1 

 
CLICKS 

 
Mouselab 

1. Process data from Mouselab 
2. Code for occurences of clicking within Excel. Clicks are 
identified by type of event of a cell (see Section 8.3) 
3. Calculate average number of clicks over all subjects 

 
CLICKS_EVC 

 
Mouselab 

1. Process data from Mouselab 
2. Code for occurences of clicking within Excel. Clicks are 
identified by type of event of a cell (see Section 8.3) 
3. Determine type for every click (EVC or not) 
4. Calculate average number of extreme value clicks and their 
percentage compared to the total number of clicks 

 
 
 

Consistency 

 
 
 

VALUE 

 
 
 
Qualtrics 

1. Elicited marginal value and attribute weight information 
available from Qualtrics 
2. Calculate value for every alternative using the additive value 
function: Equation 4.1 
3. Calculate value achievement for every alternative as 
proportion against the highest value alternative within Excel 

22 - Table 9.8.2.1: Variables in Study 2 pilot and their computation 
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9.9 Results of Pilot Study 2 
 

In this section, I report overall results from between- and within-subjects analysis. Also, 
I evaluate effects relative to differences in choice strategy usage. Finally, I perform analysis on 
the clicking behaviour of subjects, particularly, the sequences that forewent each clicking 
decision. Again, I emphasise that not all variables were tested for statistical significance due to 
the small data sample size, but I discuss how observed trends relate to the stated propositions.  
 
 

9.9.1 Overall Effects based on between-subjects Analysis 
 

I begin with the discussion of overall results with respect to the propositions and the 
findings from pilot Study 1. Table 9.9.1.1 displays results of between-subjects analysis. Their 
discussion will be held specific to different variable types. 
 

Variables Choice 1 (CAR)  
I 
N 
T 
E 
R 
V 
E 
N 
T 
I 
O 
N 

Choice 2 (FLAT) 
ACQ AVG 77.35 76.00 

HOLISTIC_0 94.00% 94.67% 
SD-F-ATT 0.1088 0.1304 
SD-F-ALT 0.0938 0.0826 
R-F-ATT -0.2310 0.3759 

PATTERN -0.1812 -0.3717 
PATTERN_1st -0.3843 -0.5036 
PATTERN_2nd 0.0630 -0.2110 

EVC_% 35.00% 37.91% 
EVC_INDEX 0.1781 0.0844 
CLICKS AVG 2.667 3.095 
CLICKS_EVC 0.857 (32.13%) 1.190 (38.45%) 

VALUE 74.68% 92.06% 
23 - Table 9.9.1.1: Pilot Study 2 between-subjects results 

 First, I report results on overall processing effort. I argued in Proposition 1.1 that 
changes in ACQ and HOLISTIC would result from the intervention stage54. However, to clearly 
separate effects of the intervention from contextual changes, a counterbalancing scheme on CP 
presentation order should have been run. Otherwise, differences could result from the varying 
nature of the MA choice tasks. This is one required set-up change for the main data collection. 
During the design stage, I aimed to maintain structure and nature of scales comparable between 
both CPs. Based on ACQ and HOLISTIC there is no evidence against the assumption that CAR 
and FLAT indeed have similar characteristics even though in this setting it cannot be 
unambiguously evaluated due to the lack of counterbalancing. Thus, I cannot assess 
Proposition 1.1. Magnitudes of ACQ and HOLISTIC values are higher than in Study 1 pilot. 

 
54 This weakening assumption is not required in the main study because a counterbalancing scheme on the 
presentation order of choice problems was implemented. Therefore, the impact of the video can be assessed pre-
and post-intervention for both choice contexts. Influence from interference due to the varying nature of choice 
contexts can be eliminated in the main analysis. 
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Subjects apparently showcased motivation during the execution of both tasks. Without notation, 
they had no option to shortcut efficiently. 
 
 The next property to discuss is the selectivity of processing. For SD variables, post-
intervention results indicate slightly more consistent processing on alternatives, while it 
becomes more selective on attributes. As mentioned, consistent processing is often a property 
of sophisticated choice approaches. The increased selectivity on attribute information may 
result from the saliency of the attribute importance concept after the video. The displayed trend 
supports Proposition 2.1. Across both pilots, processing was more consistent for all SD 
variables during Study 2. This is coherent with an explanation based on motivation. Consistent 
processing requires more effort and time.  
 

Values for R-F-ATT change from -0.23 to 0.38 post-intervention. Therefore, 
Proposition 2.2 is also supported. I demonstrated how negative values for R could be related 
to inappropriate use of cognitive resources in Section 9.6.2. Thus, I argue that this change 
indicates an improvement in choice quality from the prescriptive video. Further, the increase to 
0.38 corresponds best to the use of sophisticated choice approaches when comparing with the 
empirical results by Rieskamp & Hoffrage (2008). Across both pilots, R results for Study 2 are 
consistent with Study 1 but more distinct in terms of magnitude (-0.02 vs -0.23 and 0.12 vs 
0.38). The fact that DMs appear motivated in Study 2, combined with its shorter duration, could 
have rendered subjects more responsive to the intervention stage. As a result, the influence is 
more conspicuous. 
 
 Transitioning behaviour was measured by PATTERN. Relatively speaking, participants 
started out with higher levels of attribute-based processing. Pre-intervention, PATTERN_2nd is 
slightly on the alternative-based side. Results suggest a general trend towards more attribute-
based processing post-intervention. This trend is independent of the choice process phase as 
PATTERN_1st and PATTERN_2nd values both become more negative, and the rate of change 
is fairly constant. Thus, there is evidence in support of Proposition 3.1. Reported scores are 
generally coherent with Study 1 even though PATTERN values are more negative in Study 2. 
Also, similar with R, changes for PATTERN variables are more distinct in Study 2. 
 
 Next, I discuss results of MRTC variables. I start with EVC_%. DMs acquired extreme 
value information around 35% of the time prior to the intervention. Post-intervention that value 
increases to 37.91%. That is around one percent less than during Study 1. For this sample size 
the change is not statistically significant. However, I regard the coherence across studies and 
CPs as remarkable. It is interesting that despite the observation that subjects appeared motivated 
during Study 2, the initial threshold of 40% for EVC_% was not surpassed yet again. 
Nevertheless, the trend supports Propositions 4.1 and 4.2. For EVC_INDEX, values equalled 
0.292 (PRE) and 0.199 (POST) in Study 1. Now the results are 0.178 (CAR) and 0.084 (FLAT). 
Therefore, EVC_INDEX is closer to the normative expectation during Study 2, which again 
fits to higher motivational levels. The post-intervention score of 0.084 is the lowest value found 
throughout all CPs of both experiments. The change after the intervention is similar across 
studies. Proposition 4.3 is supported.  
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A new introduction by Study 2 was the ‘clicking feature’. To measure how DMs reacted 
to it I proposed the CLICKS variables. Because ‘selection buttons’ are irrelevant for 
highlighting, the expected threshold for CLICKS_EVC remained at 40%. This threshold is 
clearly missed pre-intervention with only 32.13%. After the video, the value increases to 
38.45%. This indicates room for further improvements. Untapped potential can also be implied 
from the CLICKS variable. Although subjects could highlight up to six cells, the average usage 
rate, even after the video intervention, was only around three clicks. Apparently, DMs did not 
want or failed to transfer the concepts of the video into the experimental application. I expected 
that some DMs would highlight all extreme value cells, but in fact no one did, even at post-
intervention stage. Therefore, Proposition 4.4 is not supported despite improvements in 
CLICKS variables after the intervention.  
 
 Lastly, I discuss value model consistency. Here I observed the biggest contrast to Study 
1. Study 1 averages had been high throughout all CPs. For Study 2, VALUE is only 74.68% 
pre-intervention (CAR) but 92.06% post-intervention (FLAT). Consequently, Proposition 5.1 
is supported. The increase in VALUE is consistent with the positive adjustments, which were 
reported post-intervention for SD, R, EVC, and CLICKS variables. However, I must emphasise 
the lack of counterbalancing for CP presentation order here as well. I cannot reject the 
possibility that CAR was simply a harder selection task. Nevertheless, changes and 
improvements are consistent throughout Study 2, and where applicable even with Study 1.  
 

In summary, DMs apparently invested extensive effort into Study 2 55 . As result, 
variables generally indicate more exhaustive and less selective choice-processing behaviour. 
Acquisition patterns are, however, more attribute-wise. Also, changes after the prescriptive 
intervention are consistent in direction with Study 1, but more distinct in magnitude. It is 
possible that DMs in Study 2 were more responsive on average because of motivation. 
Alternatively, without the opportunity to shortcut the information-acquisition stage, people 
might have been responsive due to reliance on decision support. Anyhow, post-intervention 
values across the board suggest improvements in choice-processing behaviour. 
 
 

9.9.2 Individual Effects based on within-subjects Analysis 
 
 Next, I report results of within-subjects analysis. An overview of choice-processing 
variables for all 20 subjects is presented in Table 9.9.2.1. I use the discussion of individual 
effects to evaluate the degree of DMs’ adaptivity. First, I assess the variety of responses for 
both CPs. Most subjects displayed substantial overall processing effort. ACQ scores go beyond 
100 for seven participants. On the contrary, there are low involvement cases as well (e.g. #2 
and #16). However, they occur more rarely than during Study 1. This is sensible. Due to lack 
of notation, there is less flexibility to approach CPs strategically. Still, occurrence of small ACQ 
values provides evidence that people used varying approaches, nevertheless. This pattern 
repeats for SD variables. I find a variety of responses; however, extremes occur less frequent 
and averages are tilted towards more consistent processing behaviour. 

 
55 Study 2 does not allow for similar shortcuts as Study 1. That may explain this behavioural pattern. 
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24 - Table 9.9.2.1: Pilot Study 2 within-subjects results 

This is different for PATTERN. There are only four instances of alternative-based 
processing even though most other variables indicate more sophistication. In Study 1 there had 
been eight cases pre-intervention. Since PATTERN results had already surprised me during 
pilot Study 1, I employed it as a distinction factor for strategy identification only for extreme 
values in Figure 9.3.1.1. My theory for this unexpected excess of attribute-based scores in Study 
2 is based on a combination of the alternative-attribute matrix layout and the fact that DMs need 
to explore it without notation. First, as reported in Section 8.2, Sundström (1987) found that 
choice strategy selection was not itself affected by the layout. This does not mean that display 
design could not affect Payne Index scores, however. The application of Riedl et al’s (2008) 
framework showed, through the high number of unidentified cases (Table 9.8.1.2), that many 
DMs did not tackle CPs with a specific decision strategy. In that case, prior research argues that 
contexts with more alternatives than attributes bias the Payne Index towards attribute-based 
values (Pfeiffer et al., 2014).  

 
Second, DMs must explore values from the matrix. Values are presented with attributes 

as rows, and alternatives as columns. This arrangement fits better on a screen for the 5 
Alternatives x 3 Attribute structure. If DMs acquire cells from left to right and from top to 
bottom, the resulting Payne Index would equal -1 during the exploration phase. Because the 
need for exploration of cell values is greater56 in Study 2, this would suggest a tendency towards 
more attribute-wise processing. This is exactly what I reported in Section 9.9.1. I can further 
evaluate the validity of this assumption from the attribute ranks that were calculated for Metric 

 
56 The chosen layout may further explain the generally more attribute-based processing patterns that were found 
during both pilots. Previous research has often used contexts where alternatives could be displayed as rows, and 
attributes as columns (e.g. Sundström, 1987; Jarvenpaa, 1989). 

  
Variable 
 

Subject ID # 

   
   

   
   

C
ho

ic
e 

1 
 

  
1 
 

2 
 

3 
 

4 
 

5 
 

6 
 

7 
 

8 
 

9 
 

10 
 

11 
 

12 
 

13 
 

14 
 

15 
 

16 
 

17 
 

18 
 

19 
 

20 
 

ACQ 77 12 115 47 63 147 90 99 121 53 103 105 39 27 116 9 66 94 49 115 
HOL_0 (%) 100 67 100 100 100 100 100 100 100 100 100 100 80 80 100 53 100 100 100 100 
SD-F-ATT (.) 213 139 054 175 099 084 092 073 128 031 151 199 087 061 046 191 166 028 025 135 
SD-F-ALT (.) 133 139 084 085 068 076 096 061 065 045 089 097 111 228 055 165 052 098 074 055 
R-F-ATT (.) -88 -39 -99 94 -54 71 n/a -35 -69 -54 -81 n/a -99 -29 92 98 -93 -33 28 -48 
PATTERN (.) -12 -60 17 10 -3 -12 -28 -30 -62 -49 -33 -20 -39 65 -38 -20 -39 -10 30 -18 
EVC_% (%) 30 25 34 34 46 37 40 35 39 26 34 42 41 30 36 33 30 33 35 39 
EVC_INDEX  -13 33 23 -13 -10 24 -06 -26 -06 -57 -31 23 0 0 0 n/a -10 -35 -06 07 
CLICKS 0 6 3 1 1 6 0 2 1 6 0 6 6 1 0 6 5 0 6 0 
CL_EVC (%) n/a 33 33 100 0 17 n/a 100 0 33 n/a 33 17 0 n/a 17 40 n/a 50 n/a 
VALUE (%) 53 49 75 59 100 86 66 100 44 57 100 68 100 100 83 61 62 85 87 58 

I N T E R V E N T I O N 

C
ho

ic
e 

2 

ACQ 52 25 69 32 61 53 156 140 76 85 77 71 46 53 186 10 71 81 40 136 
HOL_0 (%) 67 87 100 100 100 100 100 100 100 100 100 100 100 100 100 40 100 100 100 100 
SD-F-ATT (.) 313 100 097 099 117 073 151 076 090 104 113 158 161 092 105 333 167 048 128 080 
SD-F-ALT (.) 080 117 121 057 065 068 025 049 117 061 058 053 109 091 070 235 074 100 047 058 
R-F-ATT (.) -97 19 -68 98 75 61 n/a 100 -22 94 99 n/a 77 23 78 99 52 -61 100 -11 
PATTERN (.) -83 -52 -22 -29 -36 -58 -47 -07 -31 -56 06 -57 -57 -22 -29 0 -36 -16 -58 -53 
EVC_% (%) 31 48 38 38 39 38 38 41 34 39 49 38 37 32 43 29 34 33 40 40 
EVC_INDEX  13 -17 08 -17 0 0 02 07 23 15 0 -04 06 -06 10 n/a -08 -11 13 15 
CLICKS 5 3 0 0 6 6 0 6 6 3 4 4 0 0 6 5 0 6 5 0 
CL_EVC (%) 40 33 n/a n/a 50 50 n/a 50 0 33 50 50 n/a n/a 33 40 n/a 33 40 n/a 
VALUE (%) 35 100 100 85 100 100 100 100 100 74 84 72 100 100 100 100 100 100 91 100 



 152 

3 in Section 9.8.1. Pre-intervention nine subjects acquired information in the suggested order57, 
post-intervention that number reduced to seven. An example is given for #9 in Table 9.9.2.2, 
where B, C, and D describe attributes. Overall, this behavioural pattern and the above-
described layout bias likely induced more attribute-based processing scores. 
 

Criteria A1 A2 A3 A4 A5 Rank 
B 8 6 9 7 10 8 
C 15 14 11 13 12 13 
D 3 5 1 4 2 3 

25 - Table 9.9.2.2: Attribute ranks for subject #9 during Choice 1 

Next, I discuss extreme value consideration. EVC_% varied between 25-46% pre-, and 
29-49% post-intervention, which indicates less fluctuation than during Study 1. The same can 
be stated for EVC_INDEX where values ranged between -0.57 and 0.33 & -0.17 and 0.23 in 
both CPs, respectively. There occurred no outliers, which would shed doubt on the positive 
influence of the prescriptive intervention. CLICKS ranged from 0-6 in both CPs. Moreover, 
CLICKS_EVC did not exceed 50% post-intervention58. Thus, most subjects did not utilise the 
‘clicking feature’ as coping method to appropriately execute attribute-weighting. I will further 
explore clicking behaviour in Section 9.9.4. Lastly, the performance on value model consistency 
was more spread out in Study 2. For CP1 (CAR), VALUE scores were between 44-100%, and 
post-intervention for CP2 (FLAT) they ranged between 35-100%.  

 
Next, I evaluate the adaptivity of individual participants. I do so based on general 

processing characteristics to keep it comparable with the first pilot. Table 9.9.2.1 displays 
evidence for adaptivity. DMs changed behaviour after the intervention stage in various ways. 
#1 became less exhaustive, #8 became more exhaustive, #16 became more selective, #2 became 
more consistent, and so on, although not every participant adjusted. For example, #20 
maintained its choice approach despite the intervention stage. Most subjects, however, adapted. 
In comparison to Study 1 people appeared more responsive to the video intervention. 

 
Who were the biggest ‘VALUE winners’ and ‘VALUE losers’? In Section 9.4.2, I 

discovered that participants might potentially be hurt when responding to the intervention stage 
by adjusting choice-processing behaviour. For Study 2, only two subjects reported decreases 
in VALUE post-intervention: #1 and #11. On the one side, #1 further increased the selectivity 
on attribute information as reaction to the intervention video to an extent where not all attributes 
were even considered anymore. This implies heuristic decision-making. On the other side, 
choice processing of #11 became more consistent. R-F-ATT became positive, PATTERN 
became alternative-based, while EVC_% and EVC_INDEX all changed to scores consistent 
with a ML1 strategy. There is no indication of inappropriate choice-processing behaviour with 
regards to the MRTC concept, and thus no simple explanation for the VALUE decrease from 
100% to 84% for #11.  

 

 
57 I refer here to subjects who explored the matrix first for all values of one attribute and then switched to the next 
attribute, and so on. This pattern implies a Payne Index score of -1. 
58 No participant exploited the ‘clicking feature’ primarily to reveal extreme value information post-intervention. 
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Meanwhile, 14 subjects increased VALUE post-intervention, some of them 
substantially. The biggest ‘VALUE winners’ of them all were #2 and #9. #2 reacted to the 
intervention with sophisticated decision-making. It became more exhaustive, less selective, 
changed to a positive R-F-ATT, increased EVC_% from 25% to 49% and EVC_INDEX from 
0.33 to -0.17. As result, VALUE increased from 49% to 100%. The case for #9 is different. It 
did not show significant improvement on any variable, rather EVC_% dropped to 34% and 
EVC_INDEX changed from -0.06 to 0.23. Further, processing on alternatives became more 
selective, which is not suggested by the intervention video. The main change and probable 
cause for the VALUE increase, however, was that #9 utilised the ‘clicking feature’ post-
intervention. The number of clicks increased from zero to the maximum of six. Therefore, #9 
could cope better with cognitive limitations and subsequently reach, despite the arguably 
inferior processing approach, a satisfying outcome. 

 
In conclusion, Study 2 between- and within-subjects analysis suggests a positive impact 

of the prescriptive intervention stage. On average, improvements were larger than in Study 1. 
On the individual level, subjects showed similar levels of adaptivity. However, based on 
analysis of VALUE winners and losers, the coherence of results with a compatibility argument 
is not as evident as for pilot Study 1. Results are calculated from a small sample, thus there are 
no statements about statistical significance yet. A potential explanation for the deviation across 
experiments stems from the design differences. To improve in Study 1, the main leverage point 
for subjects was to adjust choice-processing characteristics, for instance with regards to MRTC 
variables. In Study 2, I introduced another possible coping method. The CPs in Study 2 could 
be simplified by utilising the ‘clicking feature’, which revealed parts of the alternative-attribute 
matrix permanently. This feature was unevenly used across subjects, therefore not all data is 
directly comparable. Thus, inferior processing approaches based on a partially revealed matrix 
may have outperformed more sophisticated strategies that had not utilised the ‘clicking 
feature’59. Next, I will look at effects based on differences in strategy usage. 
 
 

9.9.3 Effects based on Differences in Choice Strategy Usage 
 

Strategy categorisation is based on Table 9.8.1.2. All unidentified cases form MIXED. 
I acknowledge that this group may contain a wide array of strategies for reasons stated at the 
end of Section 9.8.1 and is therefore hard to compare. I analyse effects based on strategy 
differences from the identified proportion of approaches. Unfortunately, this further decreases 
sample size. I distinguish WADD (ML1) from heuristics with (ML2) and without (ML3) a 
notion of attribute importance (Table 6.2.1). I present an overview of results in Table 9.9.3.1. 

 
I consider for this comparison the SD, EVC, CLICKS, and VALUE variables. I focus 

on the performance of choice strategy MLs pre- and post-intervention. The assumption from 
the literature review and the pilot Study 1 results is that strategies, which incorporate attribute-
weighting into their procedure (ML1 and ML2), should benefit most from the prescriptive 
intervention. I expect them to outperform other approaches post-intervention. Pre-intervention, 

 
59 One may argue that it is not sophisticated to neglect available coping methods. At least, it is not strategic.  
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results are difficult to predict because subjects lack familiarity with the application of choice 
strategies. Therefore, most choice approaches are probably constructed while performing the 
task (Lichtenstein & Slovic, 2006). 
 
Variable ML1 ML2 ML3 MIXED 
Choice 1 (CAR) N = 2 N = 7 N = 4 N = 7 
SD-F-ATT 0.114 0.124 0.080 0.109 
SD-F-ALT 0.084 0.098 0.106 0.085 
EVC_% [%] 34.0% 34.5% 33.79% 36.45% 
EVC_INDEX 0.178 0.226 0.173 0.118 
CLICKS AVG 2 2.14 1.75 4.29 
CLICKS_EVC [%] 66.50% 33.50% 16.50% 28.83% 
VALUE [%] 67.13% 75.56% 70.36% 78.42% 

I N T E R V E N T I O N 
Choice 2 (FLAT) N = 1 N = 4 N = 4 N = 11 
SD-F-ATT 0.113 0.166 0.161 0.108 
SD-F-ALT 0.058 0.084 0.119 0.071 
EVC_% [%] 49.35% 34.33% 35.24% 39.14% 
EVC_INDEX 0 0.102 0.127 0.085 
CLICKS AVG 4 1.25 5 3.27 
CLICKS_EVC [%] 50.00% 40.00% 30.75% 41.29% 
VALUE [%] 84.42% 79.86% 93.44% 96.68% 

26 - Table 9.9.3.1: Pilot Study 2 differences due to strategy type 

 Data in Table 9.9.3.1 suggests for CAR that WADD users did not execute well. 
Compared to other MLs, SD values for WADD are just barely lowest for SD-F-ALT and only 
third lowest for SD-F-ATT. Consequently, there is no significant difference in consistency to 
HEURISTICS. Moreover, focus on extreme value information is not even at random-chance 
level with only 34% even though CLICKS are not utilised extensively either. In fact, this value 
does not distinguish itself from ML3 heuristics, which do not utilise attribute weights at all. 
EVC_INDEX is also comparatively far from 0 and on a similar level as for ML3 heuristics. 
Consequently, VALUE is predictably low, as ML1 strategies appear to be not properly 
implemented. There were only two ML1 strategies in the sample, therefore a larger sample will 
be needed for the main data collection to attain statistically rigorous findings.  
 
 Comparing ML2 and ML3 heuristics pre-intervention shows the following tendencies: 
ML2 strategies process slightly more consistent on alternatives and display marginally higher 
focus on extreme values. However, EVC_INDEX and SD-F-ATT values indicate no obvious 
superior approach. VALUE scores are higher for ML2, but the remaining variables provide 
only weak explanation. For instance, the clicking behaviour of ML2 considers extreme values 
more, but that value of 33.5% is still below random-chance level. In summary, pre-intervention 
no ML outperformed the MIXED category.  
 
 Let me take this comparison to the post-intervention stage. Unfortunately, sample sizes 
further decrease with only one case for ML1 and four users for ML2 heuristics. The ML1 user 
showed higher consistency on SD variables and increased focus on extreme value information 
post-intervention. The EVC_INDEX is equal to 0, which indicates balanced consideration of 
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maximum and minimum performance levels. The number of clicks increased as well, but only 
to four. Thus, there is no evidence that clicking was utilised to simplify the attribute-weighting 
process. Despite this fact, VALUE increased to 84.42%, which is overall consistent with the 
displayed improvements on choice-processing variables. For ML2 heuristics I find marginal 
improvement on SD-F-ALT, while SD-F-ATT becomes more selective. EVC_% does not 
change, but EVC_INDEX sinks from 0.226 to 0.102. So, even though there is only around 
random-chance focus on extreme values that focus is directed in a more balanced manner 
towards maxima and minima after the video. VALUE increases from 75.56% to 79.86%.  
 

In summary, both MLs that incorporate attribute weights, ML1 and ML2, improved on 
corresponding choice-processing variables post-intervention and consistent with that also on 
value model consistency. Their improvements were only marginal, however. Plus, the ‘clicking 
feature’ was not properly utilised. For ML2, its usage even decreased. 
 
 ML3 heuristics, according to compatibility arguments, should display weaker 
improvements post-intervention because the prescriptive video does not particularly target their 
procedures. In fact, choice-processing behaviour becomes more selective across attributes and 
alternatives, although EVC_% and EVC_INDEX improve slightly. The increase in EVC_%, 
barely exceeds the random-chance level, however, and the EVC_INDEX score is the worst out 
of all MLs. ML3 heuristics display a significantly increased use of the ‘clicking feature’ with 
CLICKS AVG of five. VALUE also rises steeply from 70.36% to 93.44%. This improvement 
is not consistent with the changes in SD variables, and can barely be explained by the marginal 
improvements on EVC variables either, especially when compared to ML1 and ML2 results. I 
believe the cause underlying the improved VALUE for ML3 heuristics is the enhanced 
utilisation of the ‘clicking feature’. Since there is large variation in that usage to ML1 and ML2 
strategies, it might explain the counter-intuitive result.  
 

Post-intervention MIXED again outperforms all other categories. MIXED demonstrates 
promising choice-processing characteristics on all variables. Overall, it is difficult to comment 
on other potential underlying causes for its success because I was not able to identify the choice 
strategies it consists of. Too many arguments could be valid here. 

 
In conclusion, there are several take-aways from the pilot results. While they mostly 

cohere with Study 1 finding on strategy usage, on some occasions tendencies are less distinct. 
There are reasons for this: First, there is need for a larger sample size, especially given the high 
proportion of unidentifiable strategies. Second, VALUE improvements in Study 2 do not solely 
result from improved choice-processing approaches. Instead, the ‘clicking feature’ represents 
another coping mechanism as it can be used to simplify the alternative-attribute matrix. As 
consequence, some participants attained better VALUE without improving choice-processing 
behaviour. If usage rate of the ‘clicking feature’ is not homogeneously distributed across all 
participants, this could lead to issues with the interpretation of results60. 

 

 
60 Heterogeneous use of the ‘clicking feature’ implies that contextual complexity varied across MLs. Thus, results 
could not be easily compared between choice strategy categories. 
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An example is the data for ML3 heuristics. Even though they displayed the worst values 
on choice-processing variables (Table 9.9.3.1), ML3 clicked on average five cells, while ML2 
only highlighted one cell post-intervention. As result, ML3 heuristics faced on average a 
simpler decision task. This might explain observed differences in VALUE. Are ML3 heuristics 
simply more strategic than ML2? The pilot data is not sufficient to comment on this. However, 
a possible explanation why some subjects were more inclined to click than others might relate 
to so-called ‘Format Effects’ (Bettman et al., 1998). Based on the ‘concreteness’ claim from 
Section 8.4, it can be argued that most subjects will process information in the way it is 
displayed. Only if people expect significant gain from a divergence, or if opportunity costs are 
high61, they will restructure information (Coupey, 1994). In Study 2 the obvious approach for 
transformation is to exploit the ‘clicking feature’. Consequently, ML3 heuristics users might 
have expected higher benefits from that feature. This explanation would imply that without the 
resulting simplification of the context, ML3 users did not feel well equipped to achieve 
satisfying choice results62.  

 
Despite these limitations, I find a picture post-intervention that is mostly consistent with 

a compatibility viewpoint. Compatible ML1 and ML2 strategies display improvements that 
correlate with the concepts of the intervention video. They process information more 
consistently (on alternatives) and show more balanced consideration of extreme values. As 
result they increase VALUE. Further, these strategies adjusted cell-highlighting behaviour less, 
thus VALUE increases are attributable to the improvements in choice-processing behaviour. 
Incompatible ML3 heuristics display enhanced selectivity during processing. EVC_% does not 
exceed random-chance level and the corresponding variable values are the worst among all 
MLs. Consequently, I believe their high VALUE results from the fact that they exploited the 
‘clicking feature’ more efficiently.  

 
This is another observation in favour of my proposal that studies on choice quality and 

its improvement should not merely focus on the general sophistication of choice strategies, but 
likewise on the quality of their execution. The pilot findings are evidence that, if used 
strategically, HEURISTICS can perform well, and even better, than a badly executed but 
theoretically more sophisticated MAVT-based choice strategy. 
 
 

9.9.4 Analysis of Clicking Behaviour 
 
Now that I established that heterogeneity in the application of the ‘clicking feature’ can 

impact subjects’ VALUE performance, it is time to take a closer look at that clicking decision 
itself. I investigate the sequence that lead to highlighting of cells. Due to constraints in working 
memory (Cowan, 2010), I particularly focus on a 6-cell sequence.  

 

 
61  For example, if expected losses in accuracy would be significant. Note that during the pilot there is no 
reimbursement scheme based on choice performance yet. Thus, opportunity costs may be perceived as negligible. 
62 Coupey (1994, p.85) refers to this as ‘restructuring to execute a heuristic’. 
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The general approach is to investigate the last six information acquisitions before each 
click in the Mouselab raw data for overarching themes. By this procedure, I expect to develop 
an understanding of the type of information that triggered clicks. The approach is repeated for 
any cluster of clicks that is separated by four cells or more. Note that some subjects used all 
clicks in perfect sequence, while others spread them throughout their choice process. Others 
ignored the ‘clicking feature’ altogether. Also, the timepoint at which clicking decision are 
made can vary significantly. Some DMs start out highlighting cells without knowledge of the 
underlying information, for instance to reveal all performance levels of an attribute or 
alternative. Others highlight information only close before their selection, for example with the 
intention to execute a final check on their choice-processing approach63.  

 
 Therefore, I propose the following coding procedure: I first detect all instances of clicks 
in the Mouselab raw data via the mechanism, which I described in Section 8.3. Next, in case 
clicks have enough sequence ahead of them, I determine a theme based on the nature of the 6-
cell sequence for every cluster of clicks. If clicks happen at an early stage of the choice process, 
without a sequence leading up to it, I determine the theme based on the nature of cells that have 
been clicked. For instance, subjects #2 and #16 started CAR by highlighting cells immediately. 
#2 emphasised all information of one attribute, while #16 compared values between two 
attributes. Consequently, I grouped #2 into the ‘attribute’ and #16 to the ‘comparison’ theme. 
 
 Next, I elaborate the meaning of clicking clusters. I account for the fact that some 
subjects make all clicking decisions in sequence, while others spread them out. For the above 
examples I could determine a theme because, despite the lack of sequence, they both used all 
six clicks at once. This was sufficient information. If they had clicked only one cell at the start 
it would be impossible to infer anything useful. In case clicks are spread with enough sequence, 
I determine a theme for each click or cluster of clicks. I regard highlighting decisions as an own 
cluster when there are enough new acquisitions between them to determine a new theme. I set 
a threshold of four cells for this. Therefore, the number of themes can deviate from the number 
of subjects substantially. One reason is that not all DMs utilise the ‘clicking feature’. This effect 
leads to smaller number of themes. The other reason is that, in case of several clusters, I may 
determine up to six themes per participant. This effect increases the relative number of themes. 
 
 With regards to connecting theme types to choice quality, my expectation was inspired 
by the MRTC concept. I anticipated that sophisticated DMs might utilise the six clicks to 
highlight the extreme value cells of all three attributes (‘EVC’ theme). This would eliminate 
ambiguity underlying the attribute-weighting process. Consequently, I expected a clicking 
behaviour mismatch between sophisticated and heuristic DMs. Besides ‘EVC’, I grouped the 
remaining decisions into three major themes. First is the ‘attribute’ theme. This class contains 
all clicking clusters, which focused on the acquisition of information on one attribute. Second 
is the ‘alternative’ theme. In this theme, clicking decisions were initiated by focus on 
information on one specific alternative. The third theme is called ‘comparison’. It includes 

 
63 Such ‘final verification’ of the to-be selected alternative is for instance reported in Shi et al (2013, p.1021) in 
the context of an ET study. 
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cases where pieces of information on alternatives, attributes, or a combination of both were 
compared before highlighting a cell.  
 
21 - Figure 9.9.4.1: Analysis of pre-click sequences in pilot Study 2  

 
 
Figure 9.9.4.1 displays the distribution of the above themes. Also, it provides the 

average relative position of the 1st highlighting decision. Pre-intervention nobody focused on 
‘EVC’, while 50% of clicking clusters were ‘comparisons’. The remaining themes were 
‘attribute’ (28%) and ‘alternative’ (22%). Thus, ‘comparisons’ were the main influencing factor 
for clicking decisions, while attribute and alternative information was utilised relatively equal 
pre-intervention. Total number of themes increased after the intervention from 18 to 27. Post-
intervention, the distribution changed also, but not towards ‘EVC’. Instead, a significant 
increase occurred for ‘attribute’ (70%). ‘Comparison’ (22%) and ‘alternative’ (8%) themes lost 
influence. This finding is surprising but somewhat consistent with previous results. It appears 
that the video intervention lead to increased interest in attribute information, as shown by the 
attribute-based Payne Index scores that were found during both pilot experiments. However, 
for highlighting decisions that focus did not specifically target extreme values of attributes.  
 

The average relative position of the 1st click was 45.68% during Choice 1 (CAR). I state 
the position as a probability since acquisition totals varied across participants. Also, the relative 
position itself differed significantly; totals were between 0-95.65%. Post-intervention, the 
average relative position changed to 42.96%. This is not a major shift. Consequently, the main 
alteration after the intervention appears to present itself in the distributions of the four clicking 
themes. Specifically, the increased occurrence of ‘attribute’. The second take-away is the 
persistent neglect of extreme values for clicking decisions despite the intervention. The 6-cell 
sequence did not comply even once with ‘EVC’. Thus, high post-intervention VALUE for ML3 
in Section 9.9.3 is likely not caused by smarter use of the ‘clicking feature’. The suspicion 
therefore is that ML3 did not perform better because they used the ‘clicking feature’ effectively, 
and certainly not because their choice-processing variables in Table 9.9.3.1 indicate a 
sophisticated approach, but because they simply utilised highlighting more often. To further 
investigate this proposition, I next analyse the distribution of themes across different strategy 
types. 
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22 - Figure 9.9.4.2: Differences in pre-click sequences across choice strategy types 

                                    

                                    
 

                                                                                                                                                   

  
 

The results are presented in Figure 9.9.4.2. Note that sample size for some strategies is 
small, consequently I focus on tendencies during discussion. Pre-intervention results suggest 
heterogenous focus on clicking themes across strategies. The one shared characteristic is that 
all strategies neglected ‘EVC’. ML1 users highlighted cells solely based on ‘alternative’ theme. 
The focus on alternative information is consistent with the literature implying option-wise 
processing for WADD. ML2 exploited mostly comparisons (83%) and some alternative 
information (17%) to inform clicking decisions. Use of comparisons appears logical since EBA 
and LEX utilise subjective cut-off points, which require the comparison of cardinal value 
differences. ML3 and MIXED both exploited a mixture of three themes. As there exists larger 
heterogeneity among the member strategies for these categories (Table 6.2.1), this is also 
reasonable.  
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Post-intervention the distribution of clicking themes became more homogeneous across 
strategy categories. In particular, the proportion of ‘attribute’ increased; for ML1 to 50%, for 
ML2 heuristics to 100%, for ML3 heuristics to 57%, and finally for MIXED to 76%. Taking 
sample size into account, I conclude based on this observation that clicking decisions 
independent of strategy type were based on more similar information. This supports my 
proposition. The main differentiating factor, and most plausible reason for ML3’s higher 
VALUE during Section 9.9.3, appears to be variation of the utilisation rate of the ‘clicking 
feature’. The results cannot be explained, however, based on varying sophistication of its usage 
because there occurred no major between-strategy shifts after the intervention stage. 
 
 

9.10 Implications for Study 2 
 

In this sub-section I summarise findings of the pilot Study 2 analysis and discuss the 
implications for the setup of the main experiment and its data collection stage. 
 
 

9.10.1 Validation of Assumptions 
 
 I used several assumptions for pilot Study 2, which I covered during Section 8.3. One 
assumption I failed to satisfy is monotonicity. During the data-processing stage for Qualtrics 
(Section 9.2.2.2) it surfaced that two subjects did not obey monotonicity on the ‘commuting 
time’ attribute of FLAT. Therefore, I will suggest an adjustment to its performance level range 
in Section 10.1.2.  
 
 Another crucial assumption was that both CPs are of similar difficulty, even though they 
are unrelated. Otherwise, differences in VALUE from Section 9.9.1 could be meaningless for 
the interpretation of the prescriptive intervention stage’s influence. The assumption cannot be 
validated now due to lack of a counterbalancing mechanism on CP presentation order. 
However, I considered post-intervention variations on remaining variables to investigate 
consistency with the observed differences in VALUE. For instance, choice-processing 
measures indicated a positive influence of the intervention that corresponds well with increasing 
VALUE. 
 
 

9.10.2 Summary of Findings 
 

Between-subjects analysis provided the foundation for the above evaluation. Post-
intervention, besides VALUE, scores also improved for SD, R, EVC, and CLICKS variables. 
However, for CLICKS, results were not as strong as expected. For instance, SD-F-ALT 
decreased marginally, which indicates more consistent processing across attributes. Meanwhile, 
SD-F-ATT increased slightly. The improvement on SD-F-ALT is consistent with more 
sophisticated choice-processing behaviour, while enhanced selectivity on attribute information 
may originate from the saliency of the attribute importance concept post-intervention. With 
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regards to this point, I found similar tendencies in both pilot experiments. After the video, R-
F-ATT increased from a negative score to 0.376. In terms of magnitude this is a value that 
corresponds roughly with previous simulations for sophisticated strategies (Rieskamp & 
Hoffrage, 2008). Also, EVC variables displayed improved performance. EVC_% increased 
from 35% to almost 38%, consistent with pilot Study 1 where it had changed from 35.5% to 
39%. EVC_INDEX changed from 0.178 to 0.084 indicating more balanced assessment of 
maxima and minima. During Study 1 the corresponding shift had been from 0.292 to 0.199. 
The generally worse EVC_INDEX values in Study 1 are likely caused by shortcuts, which were 
enabled by its notation. However, in terms of magnitude, differences and improvements are 
quite consistent across experiments. For CLICKS, utilisation also improved after the 
intervention, even though these changes were smaller than expected. The average number of 
clicks increased from 2.7 to 3.1, which is still far from the maximum of six. Extreme-value 
information was only highlighted in 38.45% of all clicks post-intervention, and therefore not 
even at random-chance level. I concluded that on average the ‘clicking feature’ was not 
employed effectively. Also, there were differences in its application across choice strategy types. 
These effects might have interfered with the analysis of Section 9.9.3.  

 
Next, I utilised within-subjects analysis to investigate effects on the individual level. I 

assessed the fit of results with a compatibility viewpoint. The analysis of VALUE winners and 
losers indicated, contrary to Study 1, no clear fit. There were merely two VALUE losers this 
time and only one of them displayed decreased performance on choice-processing variables. 
The second subject did well. Thus, I could not identify a plausible explanation for that person 
based on its processing figures. For the two biggest winners, the situation was similarly unclear. 

 
The analysis of effects relative to differences in choice strategy selection generally 

showed the expected results if variations in clicking behaviour are considered. ML1 only 
outperformed ML2 after the video intervention when assistance on the attribute importance and 
value trade-off concepts was provided. Both MLs displayed improvements across choice-
processing variables post-intervention, while incompatible ML3 heuristics performed worse. 
For instance, SD variables indicated more selective behaviour for ML3, while EVC variables 
improved relatively less than for ML1 and ML2. However, there occurred the mentioned 
differences in ‘clicking feature’ utilisation. ML3 heuristics demonstrated the best application 
of all MLs with an average of five clicks. This is the probable explanation for their post-
intervention VALUE increase, as choice-processing variables displayed no corresponding 
improvements. Overall, some results are based on very small data samples (Table 9.9.3.1), 
therefore findings require validation by a larger main study. The observed tendencies are 
consistent across both pilots, however.  

 
Lastly, I summarise findings of the clicking behaviour analysis. Across subjects, 

‘comparisons’ were the major theme during Choice 1 (CAR). Participants compared 
information on alternatives and/or attributes before highlighting cells in 50 % of cases. 
‘Alternative’ and ‘attribute’ themes shared the remaining cases by relatively equal proportions. 
Nobody considered extreme value information specifically. Post-intervention, there was a shift 
towards the ‘attribute’ theme. 70% of all clicks were associated to it. ‘Comparison’ and 
‘alternative’ lost impact by comparable proportions (22% and 8%, respectively). Still, no 
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clicking decision was classified as ‘EVC’, however. There occurred more profound between-
strategy differences in clicking behaviour before the intervention stage. At that point, clicking 
themes were mostly compatible with the concepts underlying those strategies. For instance, 
WADD users focused on the ‘alternative’ theme, while EBA and LEX users relied mainly on 
‘comparisons’. Post-intervention, the shift towards ‘attribute’ established itself across all 
strategy types. Consequently, clicking decisions became more homogenous. 

  
 

9.10.3 Adjustments for Main Study 
 
Overall, the above discussion necessitates the following experimental design 

adjustments for the main data collection: Increase in sample size, introduction of a 
counterbalancing scheme on CP presentation order, and adjustment of ranges for the 
‘commuting time’ attribute. I will incorporate all suggested enhancements from Section 9.5.3 
as well. Further details will be provided in Chapter 10, which covers all content about the main 
experiments. 
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10.  Main Study 
 
 

In Chapter 10, I present the process of the main data collection and analysis for both 
experimental studies. I begin by detailing how the identified weaknesses of my pilot studies 
were improved upon in the experimental setup. After, I lay forth how experimental data was 
collected, processed, and analysed. Regarding the collection and processing of data, I give a 
detailed descriptive account for Study 1, and if applicable, I point out required changes for 
Study 2. Results of the main data analysis represent the substance, based on which I will 
henceforth elaborate on experimental findings in Chapter 11. 

 
 

10.1 Adjustments to the Experimental Design 
 

The pilot analysis revealed areas for further design improvements for both studies. Here, 
I demonstrate what and how adjustments were incorporated for the main data collection stage. 
  
 

10.1.1 Changes to Study 1 
 

First, I discuss adjustments to Study 1. Here, I will particularly refer to the points 
mentioned in Section 9.5.3: Introduction of warm-up exercises, of a counter-balancing scheme 
on CP presentation order, and of a performance-based reimbursement procedure. Also, the 
data collection was no longer executed online, but on-site, in a computer lab based on 
Loughborough University campus.  Next, I report on changes of the Mouselab and Qualtrics 
parts. 

 
In Mouselab, the major difference is the addition of two training pages that aim to 

familiarise participants with the mouse-tracking mechanic. Instructions for the training pages 
are based on material from the mouselabweb.org website. The first exercise displays three cells 
without notation and asks subjects to identify the cell with the price. To solve this, participants 
need to hover over cells to reveal hidden information. This task therefore introduces the basic 
functionality of MT. The second training page goes beyond this. It displays a 3 Alternatives x 
3 Attributes matrix and instructs to select the most preferred menu. Options are differentiated 
by their choice of starter, main, and dessert courses. My intention with this example is to 
acclimatise participants with the MA choice aspect of the main experiment. Screenshots of both 
training pages can be found in the APPENDIX to Section 10.1.1. The layout of CP pages, as 
shown in Figure 8.2.1, was not altered. Based on the pilot results, I saw no reason for changes. 
 
  
 
 
 



 164 

    Condition Number        Presentation Order 
Condition 1 CP1 – CP2 – CP3 – CP4 – Video – CP5 
Condition 2 CP1 – CP3 – CP2 – CP4 – Video – CP5 
Condition 3 CP2 – CP1 – CP3 – CP4 – Video – CP5 
Condition 4 CP2 – CP3 – CP1 – CP4 – Video – CP5 
Condition 5 CP3 – CP1 – CP2 – CP4 – Video – CP5 
Condition 6 CP3 – CP2 – CP1 – CP4 – Video – CP5 

27 - Table 10.1.1.1: Counterbalancing on CP presentation order in Study 1 

Next, I detail adjustments to Qualtrics surveys. A minor one to note is the creation of a 
short warm-up survey that leads through the two added Mouselab training pages. Further, the 
Qualtrics survey was changed in several ways: 1) The reimbursement information was updated, 
which will be covered during the data collection chapter. 2) The personal information section 
was tailored towards the target audience64. Thus, age and education sections were adjusted 
accordingly. 3) At the end of the survey, after the elicitation questions for the value model, two 
questions were added. The first asks to rate the clarity of instructions, the second to indicate the 
confidence level about answers, both to be done on a 5-item Likert scale. 4) Counterbalancing 
for the presentation order of CP1-3 was incorporated via the creation of six slightly adjusted 
copies of the base survey. Essentially, I varied the location of CPs and their corresponding 
elicitation questions in a systematic manner. The survey for Condition 1 shows the first three 
mouse-tracking tasks in order 1-2-3, Condition 2 in order 1-3-2, and so on, as shown in Table 
10.1.1.1. This solution was quick to accomplish, and therefore assumed most efficient. 

 
 

10.1.2 Changes to Study 2 
 

Now I detail adjustments to Study 2. Most of the points are congruent with Study 1, but 
there are differences in detail. I added three Mouselab warm-up pages. The first two are 
identical to Study 1. They introduce the mouse-tracking procedure and the MA choice context 
to participants. The third one is about the ‘clicking feature’ and exclusive to Study 2. The 
exercise displays a 6 Columns x 4 Rows matrix without notation. Hidden behind each cell are 
either one of the letters ‘I’ and ‘G’, or one of the numbers ‘1’ and ‘6’. The question is to count 
how many cells contain numbers. Due to the similarity of ‘G’ and ‘6’, as well as ‘I’ and’1’, the 
‘clicking feature’ shall be used to keep track of the count. I provide a screenshot of the third 
warm-up exercise in APPENDIX to Section 10.1.2.  

 
Further, the Mouselab page for one CP was edited. The pilot results suggested that for 

some responses on FLAT, the monotonicity assumption for marginal value functions was 
violated. Not all subjects preferred short commuting times to longer ones. Especially very short 
commutes under 20 minutes received lower marginal value scores. Therefore, I adjusted the 
attribute range of ‘commuting time’. Table 10.1.2.1 shows the alteration on the attribute for 
every alternative. While the lower border was configured to be imminent to the 20 minute-mark, 
the new maximum value of 69 minutes still not deviates far from one hour. People may 
disregard Alternative 2 otherwise.  

 
64 I recruited undergraduate-students with Maths A-levels who had not yet attended an introductory course for DA. 
For future research, it may be interesting to include a group of subjects with DA experience as well. 
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Commuting 
Time 

A1 A2 A3 A4 A5 Max Min 

 
Old 

 

 
15 min 

 
64 min 

 
31 min 

 
42 min 

 
8 min 

 
64 min 

 
8 min 

 
New 

 

 
27 min 

 
69 min 

 
42 min 

 
58 min 

 
19 min 

 
69 min 

 
19 min 

28 - Table 10.1.2.1: Changes to ‘commuting time’ attribute range 

The adjustments to the Qualtrics survey were equivalent with Study 1. I implemented 
the warm-up exercises within a short additional training survey and updated the main survey 
accordingly. Only the counterbalancing on CP presentation order required a varying approach 
due to there being only two CPs. Two surveys with same content, but alternating CP order were 
created. The Condition 1 survey starts with CAR, and Condition 2 with FLAT. There were no 
other changes. The procedure for the elicitation and intervention stages, including the 
prescriptive video, remained untouched. Final versions of Study 1 and Study 2 surveys are 
provided in APPENDIX to Section 8.165. With the experimental design of both studies prepared, 
the collection of data was next. 

 
 

10.2 Data Collection 
 

The main data collection is one of the crucial parts of this PhD project. In this chapter 
I will illustrate its process. In the account that follows, I distinguish between the recruitment 
and the collection phase. 

 
 

10.2.1 Recruitment Phase 
 
I define the recruitment phase as the period that precedes the actual collection of data, 

in which the planning and organisation of it takes place. Here, I contemplate questions of 
location and who and how to recruit the participants for the experiments. 

 
Location also includes the choice between online and offline collection. Both methods 

are feasible here because MT is a flexible data-collection method, which is implemented on 
webpages that can be displayed locally or on the internet. During the pilot I collected data online 
to attain the initial results quicker. However, this came at a cost. Procedural questions could not 
be clarified in the same way as in a lab session, thus experimental conditions between 
participants may have varied. Also, I was unable to track with confidence what people did while 
taking the experiment, and if they took breaks in between. Overall, this may have affected data 
quality negatively. Therefore, I decided for the main collection to take place in a lab setting.  

 

 
65 Since there occurred only minor adjustments between the pilot and final versions of the Qualtrics surveys, I only 
added one condition of the final versions for each experiment to APPENDICES. 
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I inquired the Business School about this plan on 2nd December 2019 to set up a small 
sample collection of six participants before the Christmas break on 10th December. This took 
place in the lecture theatre of ‘Quantitative Methods for Business’, an undergraduate course 
that I was tutoring. All subsequent sessions were conducted in a PC Lab at Business School. 
The PC Lab has a capacity of 24. Clear signposts are provided, so that students from all 
departments can locate it. Overall, this location constituted an ideal fit with the objective of 
collecting a large data sample. To book the room, I contacted the School of Business timetabling 
officer. On 26th November I received bookings for December and January, and on 3rd February 
for February 2020. The data collection for Study 1 and 2 took place from 10th December 2019 
to 28th February 2020. Shortly after, the occurrence of the Covid-19 virus forced me to stop. 
The target sample size of 80 responses per experiment was reached regardless. 

 
Next, I state who were the respondents and how I recruited them. Participants were 

pooled from Loughborough University’s undergraduate student population. I targeted students 
with Math A-levels to ensure familiarity with numerical information. University students are 
commonly used as participants in comparable research experiments. However, sometimes 
concerns about external validity are raised, such as if experimental results that are based on a 
sample of students ought to be generalised to the wider population (Gerber & Green, 2008). 
This criticism rests on the notion that there may be significant differences between the sample 
and the general population with regards to the variable of interest. In this project that is 
information-processing behaviour. Kam (2005) compares student and non-student samples on 
two characteristics (political awareness and need for cognition) that may influence information-
processing behaviour but finds no differences. Based on this evidence, Druckman & Kam (2011, 
p.53) conclude that in general “there is nothing inherent to the use of student subjects that 
reduces experimental realism”. Sample selection should consider the objectives of the research 
project (ibid.). The students recruited for my experiments may end up the DMs in grand scale 
real-life multi-attribute choices in a few years’ time. Thus, I see no infringement of their use 
with the objectives of this thesis.  

 
The recruitment process can be described as follows: I addressed the target population 

directly in almost all instances. Only at the beginning of the collection phase, I spread 
information more widely due to time limitations. Particularly, on a Facebook page dedicated to 
Loughborough University undergraduate students. Around five participants in total were 
pooled from that source, and all of them had to provide their student mail address to prove 
authenticity. In all remaining cases, I recruited by contacting departments directly. For this, I 
focused on schools with large proportions of students with mathematics background. I selected 
Economics, Finance, and Management Science students from Business School. However, I 
ensured that no Management Science student had taken DA-related modules yet. From 
Engineering, I targeted disciplines that are available at Loughborough: Aeronautical & 
Automotive, Civic, Chemical, and Mechanical. In the Natural Sciences, the focus was on Maths, 
Physics and Computer Science students. For all disciplines I established a contact with the 
corresponding department, either by person or mail. Next, we sent out recruitment information 
within their discipline via mail. I did not recruit from all schools simultaneously, but 
sequentially, to line the process up with the lab bookings. I varied the intensity of recruitment 
according to the available capacity in the data-collection sessions. I kept record of all instances 
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and utilised each department contact no more than two times total. I started the data collection 
with Study 1 and switched to Study 2 on 14th February 2020. 

 
The recruitment material consisted of a brief explanation of the study and my person. 

In it, the context of the study was described as an examination of decision-making processes in 
several hypothetical choices with multiple objectives, based on surveys and mouse-tracking 
tasks. Compensation via a £10 Amazon voucher was offered for completion. Additional prices 
would depend on ‘performance’. A recruitment poster, summarising all points, was attached to 
every mail (APPENDIX to Section 10.2.1). Interested students were tasked to contact me via 
their student mail and indicate their time preferences. From this pool of students, I then 
organised each lab session to contain around 7-8 students. The minimum and maximum 
attendance in a session was 4 and 12 students. This number was the trade-off between my 
objectives to collect data as quickly as possible, and my aim to mitigate the drawbacks of the 
pilot, when I had not been present during collection. Presence can only be utilised for good if I 
am able to supervise everything simultaneously. When I tested out my limits, I found it to be 
around 10 students per session. Each student could only attend one of the experiments. Sessions 
were planned accordingly. Next, I will move to the description of the collection phase. 

 
 

10.2.2 Collection Phase 
 
Here I describe the process of a typical data collection session. Every session was 

booked for one hour, while the actual experiment would usually be finished within 50 minutes. 
Consequently, I could stick to a tight schedule and run several sessions in sequence at times. 
Each session was scheduled to start at the full hour. I always had a couple minutes at my 
disposal to set up everything in between. Since some participants arrived from across the 
campus, and during the data-collection period classes were still running, I usually waited around 
five minutes past the hour to start. If someone did not show up in time, I would provide them 
one alternative time slot for a different session, and if that again was missed, dropped them 
from my recruitment pool. I overbooked every session slightly, in case enough interested 
students were available, to account for this possibility. 

 
I brought laptop, vouchers, earphones, and a folder with notes to the lab. My folder 

contained a sheet with participant information for every session. On it, I noted attendance and 
condition numbers for every person. Also, I kept track of who borrowed which earphone and 
who completed the study. At the end of the sheet I added a column for participants to sign off 
the information, particularly the reception of the voucher. On my laptop, I opened one file and 
three webpages. The file was a document describing the Study1/Study2 procedures. I referred 
to it to ensure consistency across sessions. It is available in APPENDIX to Section 10.2.2. The 
document covers all steps of the data-collection session: Introduction, warm-up exercises, main 
experiment, and conclusion. It also functions as guideline for the descriptive account in this 
chapter. The webpages opened my two databases, for Qualtrics and Mouselab, and my student 
mail account.  
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When students entered the lab, I took attendance, asked if they required to borrow an 
earphone, and assigned them to a PC. Once all expected participants had arrived, or it was five 
minutes past the hour, the session started. I welcomed everyone and asked students to log into 
their student mail accounts. In case of questions I instructed them to raise their hands. Also, 
when switching between the Qualtrics and Mouselab parts, I emphasised to use the same name 
throughout the experiment. Next, I sent out the link and password to the warm-up survey to all 
participants from my laptop. As discussed previously, this survey involved training pages that 
should familiarise students with the procedure of Qualtrics, the functionality of Mouselab, and 
the switching in between. I let participants work on it for around seven minutes. Meanwhile, I 
prepared mails with links to the main experiment for every condition. After I finished, I walked 
around the room to ensure that every student worked through all examples.  

 
Once the warm-up exercise was finished, I answered any open questions about the 

experimental procedure and summarised some key points. Questions asked at this stage were 
for instance about time constraints or how performance would be measured66. I emphasised that 
there was no time limit for the tasks, but also no extra benefit for being slow or fast. Vouchers 
would be handed out after everybody finished. I pointed out that the best chance for 
‘performance prices’ was to process the available information on each CP in the way that made 
most sense to the student. For this, I clarified once more the notation of cells (Study 1), how to 
temporarily reveal information through hovering, and permanently reveal it through clicking 
(Study 2).  

 
The reimbursement was explained again. In both experiments, students received a £10 

Amazon voucher for completion at the end of the session. Additionally, they received £1 in 
Study 1 for every CP they answered consistently with their value model and £10 extra for the 
top 5 VALUE performers after data analysis. In Study 2, only the top 10% performing 
participants would be awarded an additional £15. Thus, a total of £25 could be achieved in both 
studies with £15 being the performance-dependent incentive to work through tasks properly. I 
explained that there were several conditions of the survey, so there was no need to worry what 
other participants were doing. Also, I pointed out that at some point a brief video was included 
in the survey for which earphones should be used. Once the main experiment would start, 
questions should no longer be addressed publicly. If problems would arise, I instructed them to 
raise hands and wait for me to come to them. Once finished, I told them to stay silent and await 
everybody else. Also, I pointed out that I would monitor the experiment on my laptop in real-
time. Via the use of my two databases I supervised the progress of each session. 

 
After everyone confirmed to be ready, I sent out links and passwords for the main 

experiment. This usually took place 15 to 20 minutes into the session. I then went back and 
forth between monitoring on my laptop and strolling around the room. For the most part, there 
occurred no issues while participants worked through their tasks. However, I will next report 
some issues that did happen. At the beginning of the data-collection phase, on few occasions 
Mouselab pages could not be started from Windows Explorer67, but only after switching to 

 
66 Students knew that ‘performance’ would be relevant in determining who received additional prizes. 
67 Windows Explorer was the default web browser of the PC lab. 
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Google Chrome. I noticed after couple sessions that this issue occurred always at the same 
workstations, why I no longer assigned students to those PCs afterwards. Sometimes when 
people indicated their final choice, the colour of the ‘selection button’ would not change. While 
this had no impact on the functionality of the matrix, participants were confused by it. Like the 
above issue, this bug had not occurred under the web browsers, which were used during the 
testing period.  

 
Another problem was that on rare occasions CPs ‘lagged out’ while participants worked 

on them. Hovering and clicking features would no longer reveal information from the matrix, 
the display becoming unresponsive. I could not precisely detect the cause, but it seemed to 
appear only when people worked for multiple minutes at the same CP or accidently used the 
right click function of the mouse. This issue was not limited to certain workstations. Its 
occurrence must have been connected to behavioural patterns of participants. Almost nobody 
encountered it, however, of the few that did, for some it even occurred multiple times. In that 
case I asked to close and restart the Mouselab page, which would yield a newly counterbalanced 
matrix. If persistent, a manual move to Google Chrome was the last resort.  

 
Yet another problem was participants who accidently skipped parts of the survey. For 

instance, one person omitted one section of the marginal value elicitation questions. I let that 
participant add the missing information in a new survey, which I later merged with the rest 
during the data-processing stage. Further, despite the monitoring efforts, I missed one 
participant skipping a CP of Study 1. In Study 2, one person omitted the video intervention. 
That data will be dismissed during the data-processing stage. This completes the account on 
problems I am aware of.  

 
Each session was terminated, after all responses had been received in my databases. At 

that point, I notified the group, collected the earphones, and distributed the vouchers. Every 
participant signed the list for confirmation before leaving the lab. 

 
 

10.2.3 Summary on Data Collection 
 

In total, I collected 88 responses for Study 1. I received 15 completed surveys for 
Conditions 1-4 and 14 for Conditions 5-6. 60 participants identified as male and 28 as female 
(68.18% / 31.82%). This distribution is consistent with the undergraduate student population at 
Loughborough University in the relevant disciplines68. Respondent took on average 24 minutes 
and 7 seconds to finish the main survey. Completion duration ranged from 12 minutes and 47 
seconds to 41 minutes and 28 seconds. During the pilot, longer completion times had occured. 
On the lower end, however, duration data from pilot and main collection are almost identical. 
The deviation may result from the inability to control for breaks, while I collected pilot data 
online.  

 
68 Data about the overall gender composition of the undergraduate student population in the 2018/19 academic 
year is available from https://www.hesa.ac.uk/data-and-analysis/students/where-study. According to that source, 
there were a total of 5,390 female and 8,275 male students (39.44% / 60.56%). 
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In Study 1, mostly first- and second-year students participated. No respondent was older 
than 24 years old. The complete age distribution of participants, as well as the scores for 
‘instructions clarity’ and ‘choice confidence’, are given in Table 10.2.3.1. Overall, the Likert 
scores for ‘instructions clarity’ (1 – not clear at all, 5 – absolutely clear) indicate that people 
felt they understood what they were supposed to do in the experiment. Over half of them 
evaluated the instructions during the collection session, and in the survey, as ‘absolutely clear’. 
The average Likert score was 4.45 points out of 5. Only two respondents of 88 rated less than 
three points, with nobody giving one point. ‘Choice confidence’ achieved an average Likert 
rating of 3.69 points out of 5. Participants were more reluctant in evaluating their own 
performance, but nobody rated it only one point. More than half scored it as four points.  

 
 

Condition 
Number 

Age  
[years] 

Instructions Clarity  
[5-point Likert] 

Choice Confidence 
[5-point Likert] 

0-18 19-20 21-22 23-24 25-99 1 2 3 4 5 1 2 3 4 5 
1 4 8 2 1 0 0 0 0 8 7 0 1 4 9 1 
2 2 6 6 1 0 0 0 0 6 9 0 1 5 8 1 
3 3 8 2 2 0 0 1 0 6 8 0 0 5 7 3 
4 5 8 1 1 0 0 0 1 6 8 0 1 3 10 1 
5 3 8 2 1 0 0 0 3 3 8 0 1 4 9 0 
6 2 9 1 2 0 0 1 1 3 9 0 1 4 7 2 

Total 19 47 14 8 0 0 2 5 32 49 0 5 25 50 8 
Average  4.45 points 3.69 points 

29 - Table 10.2.3.1: Age distribution and Likert scores for Study 1 

For Study 2, I collected a total of 82 responses. I received 41 responses each for 
Condition 1 and 2. 53 participants identified as male and 29 as female (64.63% / 35.37%). 
Completion duration ranged from 11 minutes and 34 seconds to 47 minutes and 44 seconds. 
Respondents took on average 21 minutes and 44 seconds for completing the main experiment, 
which is around four minutes faster than the pilot times reported in Section 9.7.1. The decrease 
in total completion times between main collection and pilot samples in both studies are 
therefore rather consistent and, in my opinion, likely to be explained by the transition from 
online to lab setting. Duration differences between Study 1 and 2 are marginal. The slightly 
shorter completion time for Study 2’s main survey is balanced out by the additional third 
training page participants worked on due to the ‘clicking feature’. Thus, offering the same 
amount for reimbursement in both experiments appears reasonable.  

 
Table 10.2.3.2 displays age distribution, ‘instructions clarity’ and ‘choice confidence’ 

scores for Study 2. Data in Table 10.2.3.2 is analogous with Table 10.2.3.1. Ratings for 
‘instructions clarity’ are high with more than half of respondents scoring it 5 out of 5 points. 
Again, only two participants scored on this question less than three points. The overall average 
was 4.50 points. Regarding ‘choice confidence’, scores were slightly higher than for Study 1. 
In comparison, more people rated four and five points instead of three points. There is, however, 
no vast difference between the studies, as can be seen in the 3.89 out of 5 points average.  
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Condition 
Number 

Age  
[years] 

Instructions Clarity  
[5-point Likert] 

Choice Confidence 
[5-point Likert] 

0-18 19-20 21-22 23-24 25-99 1 2 3 4 5 1 2 3 4 5 
1 5 19 15 1 1 0 2 3 14 22 0 1 6 28 6 
2 9 21 8 3 0 0 0 1 13 27 0 3 6 27 5 

Total 14 40 23 4 1 0 2 4 27 49 0 4 12 55 11 
Average  4.50 points 3.89 points 

30 - Table 10.2.3.2: Age distribution and Likert scores for Study 2 

This concludes the description of the main data collection. I covered how I recruited 
participants for experiments, how I organised data-collection sessions, and how I ran each of 
them. Resulting from this, I received survey responses from a total of 170 undergraduate 
students at Loughborough University. I discussed descriptive statistics about the data samples 
for Study 1 and 2. Next, I will illustrate the data-processing stage, during which I will transform 
the raw data from Qualtrics and Mouselab databases in a way that can be used for analysis with 
statistical software.  
 
 

10.3 Data Processing 
 

I structure my account of the data-processing stage the following way:  Within Study 
1, I show the data-processing procedure for Qualtrics and subsequently for Mouselab data. The 
description starts from the raw data and ends when the data is readily processed for further use 
in choice strategy identification and data analysis. Afterwards, I repeat the process for Study 2 
with focus on differences. 

 
 

10.3.1 Qualtrics Data for Study 1 
 
I exported Study 1 data from the Qualtrics database for all 6 conditions into Microsoft 

Excel with the procedure used during the pilot experiments (Section 9.2.2.2). Each condition 
was saved as its own file, showing data about duration and date, name, age and background of 
the respondent, consent for using the data for analysis, weight elicitation information for the 
five CPs, marginal value elicitation for the three attributes, ‘instructions clarity’ and ‘choice 
confidence’ scores, and a contact mail in case additional prices had been won. I also assigned 
an ID to every participant for anonymisation purposes.    

 
After confirming that all subjects had given their consent, I started data processing. The 

first step was the normalisation of all marginal value functions to the 0-100 range. Not all 
participants had followed the recommendation to deploy that range during the experiment. Also, 
some responses did not satisfy assumptions. There were minor and major failures, for instance, 
for monotonicity. Minor mistakes I considered to be cases, where the error was likely due to 
sensitivity of the slider that participants used during elicitation questions (Figure 8.1.1). If 
respondents tried to set a marginal change with the slider, it sometimes was not executed 
precisely. For instance, subject #50 assigned marginal values of 60-60-59-59 to performance 
levels older than 35 months on the ‘age’ attribute. The two marginal values of 59 are most likely 
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not supposed to be 59, but 60. In such instances, I edited these marginal values to the score of 
the preceding performance level on the attribute scale. For the total 264 marginal value 
functions in Study 1, given the 88 respondents and three attributes, this occurred and was 
adjusted in six of those functions (2.27% of total cases). I made a note each time.  

 
Major mistakes I considered situations, where the monotonicity assumption was 

severely infringed upon, meaning that there was indeed a plateau in the marginal value scores, 
or when the marginal value function assigned higher values for worse performance levels. 
During the pilot, I had treated the latter case by inversing the marginal value function. However, 
for the main data analysis I am not convinced how straightforward that assumption was. 
Therefore, I decided to treat both major mistake scenarios, by approximating marginal value 
ratings via a linear marginal value function. The same procedure was also utilised if elicitation 
questions had been omitted by accident. In total, approximation was used for six out of the 264 
functions (2.27%). It happened mainly on the ‘price’ attribute (four out of six cases), where 
participants apparently tended to get confused about the framing of a price as cost or benefit. 
At the end of this step, all elicited marginal value information was in the appropriate normalised 
form for every respondent. No data had to be excluded from further analysis.  

 
Next, I merged the six Excel files into one for the calculation of value models. The main 

concern here was to consider that, by nature, different conditions of the base survey may ask 
for the same piece of information at varying locations (Table 10.1.1.1). Therefore, responses 
could not be pasted in the same file without adjustment. I added a ‘condition number’ column 
to keep track of the required editing in the main file. I kept CP order equivalent to Figure 8.2.1 
and structured the elicited information accordingly. Eventually, this Excel file included all 
elicited information about attribute weights and marginal value functions (in normalised form) 
from Qualtrics for all 88 respondents on all five CPs. VALUE and RSI will be later calculated 
based on that Excel file. 

 
 

10.3.2 Mouselab Data for Study 1 
 
Raw process data from Mouselab was imported for every condition via the datalyser 

tool, as explained in Section 9.2.2. I used a threshold of 175ms again to filter out unintentional 
acquisitions from the matrix. The resulting Excel files included all responses but had to be 
cleaned for duplicate entries because some participants opened the same Mouselab page more 
than once. In all these cases I kept the first entry in the Excel file, which I could unambiguously 
determine by comparing the ‘ID’ count and submission time entries in the corresponding 
columns of the file. The remaining cases were manually deleted. Next, I rearranged all columns 
into a logical order. Datalyser itself displays columns in the chronological order they have been 
addressed during the experiment. The order I selected was ID, choice (indicates which 
alternative was eventually selected), submission time, type of event (distinguishes hovering and 
clicking), roword and colord (states the counterbalancing scheme of the matrix), boxname 
(indicates which cell in the matrix the process event corresponds to), boxin and boxout times 
for the cell (in milliseconds), counter (absolute and relative count for data acquisitions from the 
matrix), frequency columns for all cells in the alternative-attribute matrix (binary variable that 
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assigns ‘1’ if that row of process data relates to a cell, and ‘0’ if not) and time columns for all 
cells (assigns duration in milliseconds of the process event if it relates to that particular cell, 
and ‘0’ if not). After this step, I had produced the following files of raw process data: 87 
responses (minus that missing response I failed to notice in Section 10.2.2) for CP1 with 3855 
rows of process data, 88 responses and 3666 rows for CP2, 88 responses and 3955 rows for 
CP3, 88 responses and 3857 rows for CP4 (pre-intervention), and 88 responses and 5286 rows 
of process data for CP5 (post-intervention). Each row of process data corresponded to one 
hovering or clicking event69. 

 
Next, summary files were imported from Mouselab database via the datalyser tool using 

the same threshold of 175ms for every CP. Also, I set it to division the summarised data into 
halves for each response. The summary files provide an overview for every respondent in the 
database that is created automatically. It pre-processes data in the following way: It displays 
total amount of acquisitions within the matrix for each participant, which is broken down into 
total frequency counts for each cell. Also, the total duration the mouse hovered every cell is 
provided. As this process is automated, it relates to the complete database. Therefore, I deleted 
the same duplicate entries as for the raw process data files. This produced a summary file for 
each CP with 177 rows (two rows for every respondent due to the divisions, plus a row on top 
indicating the columns) except for CP1 with 175 rows (due to the missing response). The further 
data-processing procedure was based on these process-data and summary files. 
 
 As discussed in Section 9.2.2.1, these files are to be further evaluated to eliminate data 
from participants who did not commit to the task. Indicators of such situations are for example 
very short decision times from opening the Mouselab pages to the final selection, or when there 
are significant breaks in between the data-acquisition process. Information of this type, however, 
is not readily available from the datalyser files and thus demands manual inspection of the raw 
process data. I established rules for dismissal before assessing the process data. I considered 
that since participants are free in their data-acquisition and choice-processing approach in Study 
1, those rules should not be too strict to allow subjects to take advantage of the provided ordinal 
ranking. For instance, a short completion time of someone who did not acquire information 
from cells is not necessarily indicating an infringement of the rules in this setting. They might 
just base their decision intuitively on the ‘star-rating’. Similar arguments can be made for breaks 
within the choice process. Maybe participants were using breaks to trade-off the information 
and were not distracted. Since I was present during collection, I believe I would have noticed 
obvious violations. Therefore, the key question for the dismissal rules was at what point I 
consider a choice process unrealistically short or interrupted and eliminate data solely based 
on time measurements.  

 
I set the required minimum duration from opening of the Mouselab page to its 

completion to 10 seconds. I argue that even for a fast reader, it would be impossible to go 
through all instructions and check the matrix for potential differences to CPs they may have 
worked on beforehand in less than 10 seconds. While instructions and ‘star-rating’ on each cell 
are in fact constant throughout the experiment, the participants are not informed of this. Also, 

 
69 Sometimes I also refer to these as ‘process events’. 
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due to counterbalancing, the layout of the matrix changes every time a CP is opened. Thus, I 
regard simply repeating the last move, or making a move without reasonable thought, in such 
a short period of time an infraction that is worthy of elimination.  

 
For breaks in between hovering or clicking events, I set the maximum threshold at 60 

seconds. To decide for a value here is, as mentioned previously, not straightforward because of 
the variety of potential choice approaches people may employ. From my experience during data 
collection, I estimated that most respondents took around half a minute at their firstly 
encountered CP to understand the instructions before starting out hovering and clicking. This 
is the best proxy available for how long people require to weigh up information. I assume that 
trading-off information from the matrix may impose even more complex cognitive demands, 
especially when using a MAVT-based approach. Thus, I doubled the limit to 60 seconds, but it 
is a judgment call in the end. I could not recall a case from the pilot study taking a longer break 
than this while maintaining rational procedure, and HEURISTICS in this choice setting would 
not require such complex deliberation anyhow.   

 
To dismiss data based on the above rules, I adjusted the summary file for each CP. I 

added a column that reports the duration from Mouselab page opening to final choice indication. 
With help of this column I checked the 10 second minimum threshold. I realised, however, that 
the correct entry for that column (the timepoint of the final selection) was not always simply 
the boxout time for the last process event. In fact, I found several exceptions: First, not all 
respondents terminated the CP (by clicking ‘next page’) directly after clicking one of the 
‘selection buttons’. Some people went back to data acquisition instead. In this case, I defined 
the time of final selection as the timepoint of the ‘selection button’ clicking event. Second, even 
when the last process event was a ‘selection button’ clicking event, it was not always the point 
of final selection. The main reason for this appears to be that sometimes ‘selection buttons’ did 
not change colour after clicking (Section 10.2.2). The data and my experience during the data-
collection sessions suggest that some respondents did not know how to proceed in that situation. 
Especially during the firstly encountered CP of participants, there is an accumulation of cases, 
where this situation inspired multiple consecutive clicks and events on and around the ‘selection 
buttons’. In few cases those clicks were distributed quite chaotic, so that it was not clear subjects 
had ultimately selected the alternative they intended to choose. For such instances I dismissed 
that datapoint from analysis. Data of an example is provided in APPENDIX to Section 10.3.2.  

 
In all other cases without ambiguity about the chosen alternative, the timepoint of final 

selection was defined as the time of the first clicking event on the eventually selected alternative. 
All subsequent process events were then manually edited out and the summary Excel file 
adjusted accordingly. There was one more special case. Since this adjustment is an intervention 
by me, I decided to dismiss datapoints where the edited form differed significantly from the 
original to mitigate my influence70. For instance, if originally a response comprised 70 process 

 
70 The rule of thumb was to dismiss entries with a rate of change of more than 30% unless the intent of the 
participant remained obvious. For example, on few occasions participants kept clicking their final selection 
multiple times. In those cases, I simply deleted the duplicate clicks that happened in close succession.     
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events, but after editing only 30 would remain, I eliminated that complete response from 
analysis (e.g. #17 in CP1).  

 
Obeying this procedure, I went through all process events manually and edited and 

dismissed data accordingly. In CP1, I eliminated six responses. Three because the intended 
choice was unclear (#4, #24 and #66), one because the adjustment was too big (#17: from 70 to 
30 events), one because the completion time was below 10 seconds (#76), and one because of 
an idle of more than 60 seconds (#63). For CP2, only one response was dismissed because of 
an unclear choice (#76). I eliminated three responses for CP3. Two due to unclear choices (#67 
and #77) and one because the adjustment was too significant (#84: from 46 to 31 events). In 
CP4, I dismissed five data points. Three choice processes were shorter than 10 seconds (#31, 
#37 and #76) and one participant had a too-long idle time (#26). The final selection of another 
subject was ambiguous (#30). Finally, for CP5, I eliminated two responses. Both had 
completion times under 10 seconds (#52 and #76).  

 
Thus, a total of 17 out of 439 data points was dismissed from data analysis (3.87% of 

all data points). This value is around the usual range of comparable studies, as given by 
Willemsen & Johnson (2011, p.29). The resulting process files after this edit are of the 
following characteristics: CP1 is composed of 81 responses and 3525 rows of process data, CP2 
consists of 87 responses and 3719 rows, and CP3 has 85 responses and 3759 rows. Pre-
intervention, CP4 is composed of 83 responses and 3903 rows, and after the video intervention, 
CP5 consists of 86 responses and 5417 rows of process data. During this procedure, I further 
added blank rows in the middle and at the end of each response to prepare the coding of 
additional columns that I will explain in the next paragraph. 

 
Those columns were created within each process data Excel file to code for transition 

and MRTC variables. In transition columns, data was coded in binary type to distinguish 
alternative-, attribute-based, and mixed transitions. Because of the huge amount of transitions 
that were to be checked throughout all five CPs, I automated this step via the use of Excel’s 
‘IF’ function. I exploit that, within the Mouselab code, I assigned each cell a unique name 
(‘boxname’ column). The name consists of one or two letters, either b, c, d, or Op, plus a number 
between 1 and 5. B (‘price’), c (‘fuel’), and d (‘age’) refer to attribute information, while Op 
represents ‘selection buttons’. Together with the number, which allocates the alternative71, this 
shorthand symbols identify the cell to which each row of process data refers.  

 
For attribute-based transitions, I wrote ‘1’ if two subsequent process events shared the 

same letter, without being the identical cell (for identical cells I always wrote ‘0’), and ‘0’ if 
not. For an alternative-based transition, they had to share the same number. In mixed transitions, 
subsequent process events referred to cells that shared none of the above. Finally, a special case 
was two subsequent ‘selection button’ events, for which I also wrote ‘0’ since I did not regard 
it as attribute-based transition. To help implement the ‘IF’ functions, I created two additional 
columns, which broke down entries from the ‘boxname’ column in its letter and number 
components.  

 
71 Numbers 1 to 5 refer to the corresponding alternatives 1 to 5. 
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For extreme value acquisitions, I also coded in binary fashion. I distinguished extreme 
values from other cells and broke them further down into maxima and minima acquisitions. 
Since it is known what specific cells refer to each type (5-star cells are maxima: b3, c2 and d1; 
1-star cells are minima: b5, c1 and d2; see Figure 8.2.1), the use of ‘IF’ function was also 
appropriate here to save time. Based on the resulting files (APPENDIX to Section 10.3.2 for an 
extract) PATTERN and EVC variables could be calculated later. This concludes the overview 
of the Mouselab data-processing procedure for Study 1. Next, I discuss Study 2. 

 
 

10.3.3 Qualtrics Data for Study 2 
 

As stated in Section 10.2.2, I merged two Qualtrics surveys for one respondent because 
that person had accidently skipped elicitation questions. This was #78. Despite this, the general 
processing procedure of Qualtrics raw data was identical to Study 1. After the raw data import 
into Excel, the first step was the normalisation of marginal value scores to the 1-100 range for 
every attribute. Due to the design differences of both studies, there were six attributes to check 
for each of the 82 respondents. Therefore, a total of 492 marginal value functions was assessed 
in total. Four minor mistakes (0.81% of all cases) of the type described in Section 10.3.1 were 
adjusted in the process. Approximation through a linear marginal value function, due to one of 
the major mistakes from Section 10.3.1, was necessary in 11 cases (2.24% of times). Again, 
money-related attributes ‘price’ (CAR) and ‘rent’ (FLAT) shared the majority of these instances 
with a total of seven.      

 
Next, I merged surveys from all conditions into one Excel file. Because Study 2 has 

only two conditions, this was straightforward compared to Study 1. I kept CP order consistent 
with the presentation in Figure 8.3.2. The resulting Excel file was used for further data analysis.  

 
 

10.3.4 Mouselab Data for Study 2 
 
I exported Mouselab raw data as process and summary files into Excel using the 

threshold of 175ms to eliminate involuntary data acquisitions. Next, I dismissed duplicate 
entries and rearranged the columns into logical order in the same manner as for Study 1 (Section 
10.3.2). The resulting process files at the beginning of the data-processing stage were of the 
following characteristics: 82 responses with 7982 rows of process data for Choice 1 (CAR) and 
81 responses with 7856 rows of process data for Choice 2 (FLAT). #21 submitted CP1 twice, 
instead of switching to CP2 after the video intervention. Consequently, CP2 has only 81 distinct 
responses. The summary files therefore consist of 165 rows for CP1 and 163 rows for CP2. 
These files of raw process and summary data were the starting point for data processing. 

 
First, I manually assessed both process data files to eliminate responses that failed to 

satisfy the rules for dismissal from Section 10.3.2. For this purpose, I edited the summary files 
the same way as for Study 1 as to represent the time from loading the Mouselab page to final 
selection. The first two rules I then used for elimination. I kept the response if: 1) The entry 
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showed a minimum completion time of at least 10 seconds. 2) The entry displayed no idling 
during mouse-tracking that exceeded 60 seconds. Next, I employed the remaining dismissal 
rules. They referred to cases when process data required manual adjustments. This could happen 
for instance, after participants encountered bugs such as that ‘selection buttons’ did not change 
colour after selection. I gave a detailed report on this in Section 10.3.2. 3) If after adjustment, 
the intended selection of the participant became ambiguous, the data point was dismissed. The 
typical example was someone who reacted to a bug by uncontrolled clicking of alternatives, 
ending up with a selection, which differed with an initial choice from earlier in the process. 4) 
A data point was further eliminated if the manual adjustment would change the length of the 
original entry significantly. I judged this in relative terms. I decided that the rate of change 
should not exceed 30% unless the participants’ intended selection remained obvious. 

 
Overall, I deleted only one data point for CAR (#70). This was the participant that had 

skipped the video intervention stage (Section 10.2.2). None of the remaining entries infringed 
upon the stated rules. The only close call was #29. Its data required manual adjustment, after 
which the number of acquisitions decreased from 67 to 44, a rate of more than 30%. However, 
that participant had clicked 22 times on the final ‘selection button’ in sequence. This was only 
briefly interrupted by one other random event. Therefore, the intent was obvious, and I saw no 
reason to eliminate that response. For FLAT, the data of #70 was also eliminated. Further, I 
dismissed #80 because the final choice was unclear. As mentioned, #21 forgot to work on FLAT. 
The only close call in terms of rate of change after the manual adjustment was #51. However, 
the situation was very similar to #29 above. The intended selection remained clear even after 
ACQ decreased from 95 to 68 because deleted events were almost exclusively clicks on the 
final selection. In total, I dismissed three out of 163 data points (1.84% of all data points) from 
further analysis. The resulting process files had 81 responses and 7833 rows for CAR and 79 
responses and 7508 rows for FLAT. All including break rows at the middle- and endpoints of 
each entry to sum up values for the variables that I code next. 

 
To support the calculation of variables I added columns to the process files. The method 

for PATTERN and EVC variables was adjusted where necessary but otherwise created by the 
same procedure as for Study 1. Locations of extreme value cells were different in Study 272, so 
I edited the corresponding ‘IF’ functions in Excel to refer to the correct values. For CLICKS 
variables, I first considered the ‘event’ column to detect all instances of clicks as described in 
APPENDIX to Section 8.3. This step was undertaken manually. I then added three further 
columns to the process files. One to distinguish click from non-click events in binary fashion 
and another two to test via ‘IF’ functions if clicks referred to maxima or minima value cells 
(APPENDIX to Section 10.3.4). The functions first check if the process event involved a click. 
In case it did, the function further tests if the corresponding ‘boxname’ for the clicking event 
refers to an extreme value cell. It writes ‘1’ to either ‘click_max’ or ‘click_min’ if both 
requirements are satisfied depending on the type of extreme value, and ‘0’ otherwise. At the 
end of every participant’s process I summed up all entries to compute CLICKS and 
CLICKS_EVC variables.  

 
72 In Study 1, the min values were behind cells b5, c1 and d2 and the max values were behind cells b3, c2 and d1. 
In Study 2, the location of min value cells remained identical, but max value cells changed to b3, c2, and d5.  



 178 

10.4 Variables & Hypotheses 
 

In this chapter I will review variables and propositions from the pilot studies and adjust 
them if necessary. They will be structured according to overall processing behaviour, selectivity 
of processing behaviour, transitioning patterns, MRTC variables, and value model consistency. 
These terms have been described and related to academic literature previously. Thus, I will be 
brief about universals and focus on differences and improvements that are based on pilot study 
findings.  

 
 

10.4.1 Variables and Hypotheses for Study 1 
 

Table 10.4.1.1 shows the pilot propositions in shortened form. In the third column, I 
summarise pilot findings with regards to each proposition. I build on this experience to develop 
hypotheses for the main study. First, I clarify the terms used for assessment. I employed the 
notion ‘partially supported’ for propositions where the trend was consistent with the argument. 
‘Supported’ propositions were also statistically tested for significance. ‘Not supported’ 
indicates that results did not behave in the expected pattern. For some unexpected results I 
identified suspected causes previously (e.g. Proposition 1.1: lack of practice examples; 
Proposition 4.4: benchmark 35%, not 40%). I will adjust and re-assess these propositions with 
a larger data sample in the main study.  

 
Second, I discuss propositions and variables that require adjustment. Several 

propositions concern explanations based on subject’s adaptivity for post-intervention variable-
value changes (Propositions 1.2, 1.4, 2.4, 3.2 and 3.4). However, the experimental design did 
not allow to prove those statements statistically. Therefore, they are not suitable as propositions 
in the current form. Instead, I can use the argument of ‘adaptivity’ during the discussion chapter 
to interpret results.  

 
How to measure adaptivity? In the pilot study, I considered within-subject data and 

found numerous instances of adaptive behaviour throughout Study 1. However, I did not 
directly measure ‘adaptivity’ with a numerical value, which I might compare across participants. 
If I consider the switching of choice strategies as indicator for adaptivity following a multi-
strategy account (Glöckner et al., 2014), the shifts from HEURISTICS to WADD and WADD 
to HEURISTICS bear different hypotheses for overall processing, selectivity, and transitioning 
behaviour. This would not be meaningful to test since I will use these variables to distinguish 
WADD and HEURISTICS in the first place (Figure 10.5.1.1). It would be interesting, however, 
to compare how DMs, who switch or not switch choice strategies, perform post-intervention on 
MRTC and value model consistency. I related these variables to choice quality previously. 
People, who are by nature adaptive, should not switch choice strategies if they feel reassured in 
their initial strategy by the prescriptive intervention. Instead, switching should only occur as 
smart response (Fasolo et al., 2003). Especially, since DMs may be ‘sticky adapters’ (Levav et 
al., 2012). Thus, I will test if switching between HEURISTICS and WADD helps in achieving 
better performance on choice quality variables. I will develop corresponding hypotheses in the 
section below when I address the need for additional hypotheses. 
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1. Overall Processing Effort Findings from Pilot 

Proposition 1.1 With increasing complexity in the unassisted part, there 
occurs higher ACQ and longer TIME. 

Not supported, but lack of 
practice examples 

Proposition 1.2 
The influence of the intervention on ACQ and TIME is 
balanced by the people ‘switching’ to WADD against 
the people employing WADD more efficiently. 

Use for discussion of 
results, not as hypothesis 

Proposition 1.3 With increasing complexity in the unassisted part, 
HOLISTIC variables will increase. Partially supported 

Proposition 1.4 
The influence of the intervention on HOLISTIC 
variables is determined by the amount of people 
‘switching’ towards WADD as result from the video. 

Use for discussion of 
results, not as hypothesis 

Proposition 1.5 ACQ and TIME have a positive correlation pre- and 
post-intervention. Supported 

2. Selectivity of Processing Behaviour 

Proposition 2.1 With increasing complexity in the unassisted part, there 
occur lower values for SD. Partially supported 

Proposition 2.2 
The influence of the intervention on SD depends on 
subject’s adaptivity. I expect lower SD-ALT, while the 
impact on SD-ATT is unclear. 

Partially supported 

Proposition 2.3 With increasing complexity in the unassisted part, there 
occurs lower R. Not supported 

Proposition 2.4 The influence of the intervention on the correlation 
variables depends on subject’s adaptivity. 

Use for discussion of 
results, not as hypothesis 

Proposition 2.5 For SD, as well as for R-ATT, time and frequency 
measures have a positive correlation. Supported 

3. Transitioning Behaviour 

Proposition 3.1 With increasing complexity in the unassisted part, 
PATTERN will be more alternative-based. Not supported 

Proposition 3.2 The influence of the intervention on PATTERN depends 
on subject’s adaptivity.  

Use for discussion of 
results, not as hypothesis 

Proposition 3.3 With increasing complexity, there will be larger 
variation between PATTERN_1st and PATTERN_2nd. Partially supported 

Proposition 3.4 The influence of the intervention on PATTERN_1st and 
PATTERN_2nd will depend on subject’s adaptivity. 

Use for discussion of 
results, not as hypothesis 

4. MRTC 

Proposition 4.1 Unassisted DMs will fail to adjust attribute weights 
correctly after the attribute range manipulation. Supported 

Proposition 4.2 After the prescriptive video intervention, RSI will be 
closer to the normative value. Partially supported 

Proposition 4.3 
Throughout the unassisted part, DMs will display 
relatively lower EVC_%. EVC_% may rise with 
increasing complexity but should not drop. 

Partially supported 

Proposition 4.4 After the prescriptive intervention, EVC_% will exceed 
the benchmark. 

Not supported, but review 
benchmark of 40% 

Proposition 4.5 After the prescriptive intervention, average deviation of 
EVC_INDEX from 0 will be smaller  Partially supported 

5. Value Model Consistency 

Proposition 5.1 With increasing complexity in the unassisted part, 
VALUE will decrease. Not supported 

Proposition 5.2 Post- intervention, VALUE will increase. Partially supported 
31 – Table 10.4.1.1: Review of pilot Study 1 propositions 
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Next, I review the pilot variables. I intend to streamline the analysis; thus, I drop 
variables that did not contribute a lot of insight. For example, I will not use HOLISTIC_1 
anymore. I tested this variable’s ability to uncover additional meaning in the pilot, but 
HOLISTIC_0 was sufficient to evaluate overall processing behaviour. Further, I drop 
PATTERN_1st and PATTERN_2nd. They were used to evaluate consistency across different 
stages of the choice process. However, my framework of evaluating choice quality considers 
the whole choice process. Therefore, this distinction is not really necessary. The fact that there 
may be sub-stages within the choice process is nothing unexpected (Shi et al., 2013). Lastly, I 
drop VTO_%, which was purely considered for explorative purposes in the pilot. 

 
I also add a new variable. The pilot analysis revealed issues with RSI if several attribute 

ranges are manipulated simultaneously. Consequently, I combined RSI with DEVIATION 
AVG to account for scenarios when single-attribute RSI scores may cancel out partially, or 
completely73. However, this solution can be further improved upon. Specifically, I created a 
variable called DNO that measures range sensitivity in terms of the ‘distance to the normative 
optimum’ (RSI=1). DNO does not distinguish between over- and under-weighting and therefore 
does not cancel out. Also, DNO can be interpreted like the original RSI index (Section 4.3.2). 
For instance, an average distance to the normatively expected optimum of more than one 
indicates a range adjustment in either the wrong direction and/or overweighting beyond a factor 
of two, across all attributes. Ergo, a DNO value beyond one indicates that weights are worse 
than before. Values below one indicate that on average adjustments were in the correct direction, 
and the closer the average is to 0 the better. I will combine this measure with RSI and 
DEVIATION AVG (DAVG). For all mentioned variable changes, the corresponding 
propositions of Table 10.4.1.1 will be adjusted accordingly.    

 
Third, I argue for additional hypotheses. Specifically, hypotheses that target effects 

based on differences in choice strategy usage. The pilot was explorative (Section 9.4.3) and did 
not include such propositions. An example, which considers the impact on choice quality of 
switching choice strategies post-intervention has been discussed above. One argument is that 
because adaptivity is considered intelligent behaviour (Payne et al., 1993; Fasolo et al., 2003), 
people who switch strategies should theoretically not perform worse than participants who stick 
with their decision strategy. However, I previously discussed the sometimes-neglected idea that 
execution of a choice strategy matters just as much as its sophistication for choice quality (Klein, 
2002). In fact, cases occurred where participants were worse off post-intervention after 
changing strategies. #16 switched from HEURISTICS to WADD during the pilot (Table 
9.3.1.1), but VALUE decreased from 100% to 87% (Table 9.4.2.1). When looking at potential 
effects on choice quality variables across switchers and non-switchers, it may be worth 
distinguishing the kind of switch (HEURISTICS to WADD or vice versa), and if non-switchers 
employed WADD or HEURISTICS. Based on the ‘compatibility’ viewpoint, I argued that the 
contents of the intervention video would particularly benefit WADD. Heuristic DMs may either 

 
73 Due to range manipulation on three attributes, some cases displayed overweighting on one attribute (RSI over 
1), and underweighting or even wrong-weighing on other criteria (RSI under 1, sometimes even below 0). A perfect 
illustration of the cancel-out effect would be a scenario where averaged scores across single-attribute RSI values 
equalled out to 1, indicating perfect sensitivity, even though single-attribute RSI scores would be bad. 
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dismiss the video content74, or regard it as helpful and switch to WADD. This should produce 
better MRTC and value model consistency among WADD users. The values in Table 9.4.3.1 
supported this argument. However, as summarised in ML2 of Table 6.2.1, several 
HEURISTICS also incorporate attribute importance. Users of these strategies may benefit from 
the intervention as well, by being enabled to better execute the attribute weighting stage.  

 
I briefly summarise the main points before proposing additional hypotheses. First, the 

type of choice strategy matters. The pilot results (Table 9.4.3.1) supported my proposal that, 
overall, WADD should outperform HEURISTICS on MRTC and VALUE post-intervention. 
Note that I do not refer here to variables, which the algorithm in Figure 10.5.1.1 utilises for 
choice strategy classification75. Their use would be illogical and useless since their magnitudes 
are presupposed by the algorithm and therefore demonstrate nothing. 

 
Hypothesis ST.176:  Post-intervention, WADD will display higher EVC_% values and 

EVC_INDEX scores closer to 0 as compared to HEURISTICS. 
 

Hypothesis ST.2:  Post-intervention, WADD will have higher VALUE than HEURISTICS.   
  
Second, the level of choice strategy execution matters. I discussed that there exists an 

effort-accuracy trade-off for strategy selection (Section 6.2). Regarding choice-strategy 
switching after the intervention, I described a related trade-off above. On the one hand, 
switching strategy, especially towards WADD, seems theoretically beneficial. As mentioned, 
adaptation processes are usually considered intelligent behaviour (Payne et al., 1993; Meißner 
et al., 2020). However, the efficiency of switching is also determined by the ability to execute 
the new strategy (Bröder, 2003). The within-subject analysis of the pilot showed cases of DMs 
struggling to do so (e.g. #16). On the other hand, I argued that sticking with your strategy post-
intervention may be beneficial as well. Some research suggests that people may be reluctant to 
switch strategies immediately, but rather try to improve upon their previous procedure 
(Rieskamp, 2006). Bröder et al (2013) refer to this as ‘strategy routinisation’. Due to expected 
compatibility effects with the video intervention this might hold true even for a large proportion 
of HEURISTICS (ML2). The choice strategy identification procedure for Study 1 will not be 
able to distinguish ML2 and ML3 heuristics, however.  

 
How to resolve this trade-off? Overall, I believe that negative effects from difficulty of 

executing a new strategy outweigh the benefits of adopting a potentially more accurate strategy 
in most cases. For instance, because participants will be unfamiliar with the choice context, 
chances of accurate strategy implementation might be mitigated during the experiment.  

 

 
74 In this case one would not expect changes, or even improvements, in choice quality post-intervention. 
75 For instance, hypotheses regarding the relative value of ACQ between WADD and HEURISTICS are not 
meaningful, if only higher-valued ACQ cases are classified as WADD in the first place. The argument also holds 
for hypotheses about HOLISTIC, PATTERN, or SD variables. 
76 ST stands for ‘strategy type’. Thus, these hypotheses relate to effects based on differences in the type of strategies 
employed. In this case, the difference between using WADD versus HEURISTICS. 
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Hypothesis SS.177:  DMs who stick with their strategy post-intervention (non-switching), 
independent of strategy type, will experience a positive overall effect on 
EVC and VALUE variables. 

 
Hypothesis SS.2:  DMs who stick with their strategy post-intervention (non-switching), will 

overall score better on EVC and VALUE than switchers, independent of 
the type of switch. 

 
1. Overall Processing Effort 

Hypothesis 1.1 With increasing complexity in the unassisted part, subjects will acquire more 
information (higher ACQ), and take longer to select an option (longer TIME). 

Hypothesis 1.2 With increasing complexity in the unassisted part, subjects will process 
information more extensively. Thus, HOLISTIC will increase. 

Hypothesis 1.3 ACQ and TIME have a positive correlation pre- and post-intervention. 
2. Selectivity of Processing Behaviour 

Hypothesis 2.1 With increasing complexity in the unassisted part, subjects will acquire 
information in a more consistent manner (lower SD). 

Hypothesis 2.2 The influence of the intervention on SD depends on subject’s adaptivity. I 
expect lower SD-ALT, but the impact on SD-ATT is unclear. 

Hypothesis 2.3 With increasing complexity in the unassisted part, time and frequency 
measures on attributes will correlate less with the attribute weights (lower R). 

Hypothesis 2.4 For SD-ATT and SD-ALT, as well as for R-ATT, time and frequency 
measures have a positive correlation throughout Study 1. 

3. Transitioning Behaviour 

Hypothesis 3.1 With increasing complexity in the unassisted part, PATTERN will indicate 
more alternative-based transitions. 

4. MRTC 

Hypothesis 4.1 Unassisted DMs will fail to adjust attribute weights correctly after the 
attribute range manipulation. 

Hypothesis 4.2 Post-intervention, RSI scores will be closer to the normative value. 

Hypothesis 4.3 Throughout the unassisted part, EVC_% will be below the 35% benchmark. 
EVC_% may rise with increasing complexity but should not drop. 

Hypothesis 4.4 Post-intervention, EVC_% will exceed the benchmark of 35%. 

Hypothesis 4.5 After the prescriptive intervention, the average deviation of EVC_INDEX 
from 0 will decrease. 

5. Value Model Consistency 
Hypothesis 5.1 With increasing complexity in the unassisted part, VALUE will decrease. 
Hypothesis 5.2 After the prescriptive intervention, VALUE will increase. 

6. Choice Strategy Type 

Hypothesis 6.1 Post-intervention, WADD will display higher EVC_% and EVC_INDEX 
scores closer to 0 as compared to HEURISTICS. 

Hypothesis 6.2 Post-intervention, WADD will display higher VALUE than HEURISTICS.   
7. Choice Strategy Switching 

Hypothesis 7.1 DMs who do not switch strategy post-intervention, independent of strategy 
type, will experience a positive overall effect on EVC and VALUE variables. 

Hypothesis 7.2 DMs who do not switch strategy post-intervention, will score better on EVC 
and VALUE variables than switchers, independent of the type of switch. 

32 – Table 10.4.1.2: Hypotheses for Study 1 

 
77 SS stands for ‘strategy switching’. Thus, these hypotheses investigate the efficiency of choice strategy switching, 
from HEURISTICS to WADD or vice versa, after the video intervention. 
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In summary, I deleted, adjusted, and added new hypotheses to the propositions from the 
pilot. I used the notions of propositions (pilot) and hypotheses (main study) to clearly indicate 
the experiments I was referring to. All resulting hypotheses for Study 1 are summarised in Table 
10.4.1.2. Sections 1-3 refer to traditional information-processing measures. Sections 4-5 
present hypotheses concerning overall effects with regards to the proposed process- and 
outcome-based choice quality measures. Section 6 is about effects due to differences in choice 
strategy usage, and Section 7 explores the topic of strategy switching with regards to EVC and 
VALUE variables. Next, I will develop hypotheses for Study 2. 

 
 

10.4.2 Variables and Hypotheses for Study 2 
 
In this chapter, I will review variables and propositions from the Study 2 pilot to create 

an enhanced set of hypotheses for the main study. In Table 10.4.2.1, I summarised findings for 
the initial propositions. For Study 2 I employed two unrelated and assumingly similarly 
complex MA choice contexts. Initial propositions included no predictions for ACQ and 
HOLISTIC. I wanted to attribute effects of the intervention stage on these variables to changes 
in choice-strategy usage, but not to differences between the CAR and FLAT contexts. During 
the pilot this was unfeasible due to lack of a counterbalancing scheme on CP presentation order. 
For SD, R, and PATTERN variables Table 10.4.2.1 provides predictions. Sections 4-5 are 
identical to Study 1, with the addition of the CLICKS_EVC variable. Apart from Proposition 
1.1, statements were straightforward to evaluate, and mostly supported by pilot data. Only the 
value for CLICKS_EVC did not exceed the expected threshold of 40% post-intervention, but 
came close to it, showing a positive change in the process.  

 
I will now assess which variables and propositions to change, delete, or add. The first 

proposition that requires discussion is Proposition 1.1. It did not provide predictions for ACQ 
and HOLISTIC. Further, it dropped TIME because of the JavaScript code alteration from 
Section 8.3. During the Mouselab data-processing stage (Section 10.3.2) I discovered, however, 
that reliable completion times could be calculated, nevertheless. Thus, I will utilise TIME again 
to measure overall processing effort. Values for HOLISTIC will be reported, even though I 
expect no big insights as the setting encourages no shortcuts. Because the main study offers 
performance-dependent reimbursement, I believe that the intervention will affect ACQ and 
TIME. Motivated participants in ET studies have been shown to spend more time acquiring 
information (Pieters & Warlop, 1999). Additionally, when implementing the concepts from the 
video, participants may need to re-acquire information. This should occur relatively 
independent of selected choice strategies. The consequence would be increased ACQ and TIME 
values.  
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                                  1. Overall Processing Effort Findings from Pilot 

Proposition 1.1 
The influence of the intervention stage on ACQ and 
HOLISTIC depends on subject’s adaptivity. Particularly, 
differences in decision strategy usage due to the 
intervention, rather than the choice contexts themselves. 

Unclear how to 
prove / Introduce 
counterbalancing 
scheme on 
presentation order 

2. Selectivity of Processing Behaviour 

Proposition 2.1 
The influence of the intervention on the SD depends on 
subject’s adaptivity. While I expect lower SD-ALT, the 
impact on SD-ATT is unclear. 

Partially supported 

Proposition 2.2 The impact of the intervention on R depends on subject’s 
adaptivity, but R scores should not be negative. Partially supported 

3. Transitioning Behaviour 

Proposition 3.1 
While the influence of the intervention on PATTERN 
depends on subject’s adaptivity, transitioning behaviour 
will become more attribute-based due to the salience of 
the attribute importance concept. 

Partially supported 

4. MRTC 

Proposition 4.1 In the unassisted part, DMs will display relatively lower 
EVC_%. Partially supported 

Proposition 4.2 Post-intervention, EVC_% will exceed the 35%-
benchmark. Partially supported 

Proposition 4.3 Post-intervention, the average deviation of EVC_INDEX 
from 0 will decrease. Partially supported 

Proposition 4.4 Post-intervention, CLICKS_EVC will exceed the 40%-
benchmark.  

Not supported, but 
positive change 

5. Value Model Consistency 
Proposition 5.1 Post-intervention, VALUE scores will increase. 

 
Partially supported 

33 – Table 10.4.2.1: Review of pilot Study 2 propositions 

A possible interaction between ‘clicking feature’ and information-processing variables 
is a limiting factor throughout Study 2. I found indication for that interaction in Section 9.9.3 
when ML3 heuristics outperformed strategies with an attribute importance concept. Thus, all 
arguments should be considered under the assumption of homogeneous clicking behaviour. In 
the main study this is incentivised by the performance-dependent reimbursement. To maximise 
financial gain, I expect participants to utilise all available resources. Thus, the ‘clicking feature’ 
should not be neglected like in Section 9.9.4.  

 
Hypothesis 1.1:  Post-intervention, participants will acquire more information (higher 

ACQ) and take longer to select an option (longer TIME). 
 
All propositions of Sections 1-3 argue that influence of the prescriptive intervention will 

depend on subjects’ ‘adaptivity’. Throughout this thesis ‘adaptivity’ referred specifically to 
choice strategy selection and execution. However, in contrast to Study 1, an isolated 
interpretation of post-intervention changes to information-processing behaviour is not 
appropriate in Study 2 because CAR and FLAT are unrelated tasks. Consequently, I must rule 
out the possibility that contextual differences between them explain results. With the 
introduction of the counterbalancing scheme this will be achieved. Values of information-
processing variables can be compared for both CPs pre-intervention to detect differences. This 
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halves the data sample to roughly 40 responses per condition. A corresponding hypothesis 
(Hypothesis 1-3.1) is added to Table 10.4.2.2. 

 
Hypothesis 1-3.1:  Pre-intervention, values on information-processing measures do not 

differ significantly between CAR and FLAT.     
 
The pilot data supported all remaining propositions except Proposition 4.4, where the 

40%-benchmark was closely missed. However, I see no reason for adjustment. I assume the 
reimbursement to provide additional motivation (Bonner & Sprinkle, 2002). Thus, I expect that 
the ‘clicking feature’ will be used more efficiently to detect extreme values. Furthermore, I 
believe that participants will utilise clicking more frequently post-intervention. The pilot data 
for CLICKS AVG supports this (Table 9.9.1.1). Overall, the usage rate of clicking should 
increase compared to the pilot. I added corresponding hypotheses about overall ‘clicking 
behaviour’ in Table 10.4.2.2. Note that besides those hypotheses, which assess the quantity and 
quality of CLICKS, differences can also be evaluated relative to choice strategy types (Section 
9.9.4). I will perform such analysis for the main study in Section 10.6.2.4. 

 
Hypothesis CB.178:  The usage rate of the ‘clicking feature’ will be higher than during the 

pilot. 
 

Hypothesis CB.2:  Post-intervention, CLICKS will increase. 
 

Hypothesis CB.379:  Post-intervention, CLICKS_EVC will exceed the benchmark of 40%. 
 
Next, I turn to topics, which were not part of the pilot propositions. First, I discuss 

hypotheses regarding effects due to differences in choice strategy usage. The choice strategy 
identification procedure for Study 2 (Section 10.5.2) not only distinguishes WADD from 
HEURISTICS, but also identifies several individual heuristic rules. Except for the FRQ/LIM 
pair, I can identify strategies accurate to the three MLs (Table 6.2.1). Thus, I can analyse overall 
effects for all variables80 relative to choice strategy type, when I disregard data points classified 
as FRQ/LIM. I theorised previously that strategies with attribute importance concepts should 
benefit more from the intervention due to compatibility effects. This refers to ML1 and ML2 
strategies. Therefore, I hypothesise a positive influence on EVC_% post-intervention for ML1 
and ML2, and relatively higher values than for ML3 heuristics. Further, I expect a similar trend 
for VALUE scores. WADD should have the highest VALUE post-intervention, while for ML2 
it should still be higher than for ML3 heuristics. Regarding EVC_INDEX, balanced 
consideration of maxima and minima is only theoretically required for WADD, which should 
result in scores closer to the normative expectation for ML1 strategies.   

 
 

 
78 CB stands for ‘clicking behaviour’. 
79 This was originally Proposition 4.4. 
80 Note that the Study 2 identification procedure (Section 10.5.2), in contrast to the Study 1 algorithm (Section 
10.5.1) does mostly not use traditional information-processing variables in its procedure. 
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Hypothesis ST.1:  Post-intervention, ML1 and ML2 strategies will display higher EVC_% 
than ML3 heuristics. 

 
Hypothesis ST.2:  Post-intervention, ML1 strategies will have EVC_INDEX scores closer 

to 0 as ML2 and ML3 heuristics. 
 

Hypothesis ST.3:  Post-intervention, ML1 strategies will achieve highest VALUE, while 
ML2 will achieve higher VALUE than ML3 heuristics. 

 
Another crucial aspect is the level of strategy execution. In Section 10.4.1 I developed 

hypotheses, which evaluate strategy-execution levels through post-intervention strategy-
switching behaviour. In Study 2, due to more detailed strategy identification (Section 10.5.2), 
hypotheses can become more nuanced. Particularly, I argued that ML1 and ML2 users may 
benefit from sticking with their strategy post-intervention. In Study 2 I can test this relative to 
EVC and VALUE. Assuming homogenous ‘clicking feature’ usage rates across participants, 
ML3 heuristics have the least merit from the prescriptive intervention81. I hypothesise for this 
group that switching towards a strategy with attribute importance concept should thus have an 
overall positive effect. However, based on the pilot findings, some individuals may also 
perform worse as a result (‘get hurt by the intervention’). I further hypothesise that people who 
switch from ML1 strategies post-intervention will not improve EVC and VALUE.  
 
Hypothesis SS.1:  ML1 and ML2 strategy users will improve EVC and VALUE post-

intervention.  
 

Hypothesis SS.2:  DMs who stick with ML1 and ML2 strategies post-intervention will 
achieve better EVC and VALUE than DMs who switch from them, 
particularly if they switch from ML1 strategies. 

 
Hypothesis SS.3:  DMs who switch from ML3 heuristics post-intervention will improve 

EVC and VALUE. 
 

To conclude this chapter, I summarised all reviewed and newly developed hypotheses 
in Table 10.4.2.2. The computation of variables follows the details stated in Sections 9.3.2 and 
9.8.2 and is based on the processed data on which I reported in Section 10.3. Note that 
EVC_INDEX will again only be calculated for subjects who acquired at least six extreme 
values. Next, I will discuss the choice strategy identification procedure. 

 
 
 
 
 
 

 

 
81 ML3 heuristics are least compatible with the prescriptive video content.  
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1. Overall Processing Effort 

Hypothesis 1.1 Post-intervention, participants will acquire more information (higher ACQ) 
and take longer to select an option (longer TIME). 

2. Selectivity of Processing Behaviour 

Hypothesis 2.1 Post-intervention, participants will process information more consistently on 
alternatives (lower SD_ALT), while impact on SD_ATT is unclear. 

Hypothesis 2.2 Post-intervention, R will not be negative. 
3. Transitioning Behaviour 

Hypothesis 3.1 Post-intervention, PATTERN will indicate more attribute-based processing 
due to the saliency of the attribute importance concept. 

1-3. Adaptivity of Participants 

Hypothesis 1-3.1 Pre-intervention, values on information-processing measures do not differ 
significantly between CAR and FLAT.     

4. MRTC 
Hypothesis 4.1 In the unassisted part, DMs will display relatively lower EVC_%. 
Hypothesis 4.2 Post-intervention, EVC_% will exceed the benchmark of 35%. 

Hypothesis 4.3 Post-intervention, the average deviation of EVC_INDEX from 0 will 
decrease. 

5. Clicking Behaviour 
Hypothesis 5.1 The usage rate of the ‘clicking feature’ will be higher than during the pilot. 
Hypothesis 5.2 Post-intervention, CLICKS will increase. 
Hypothesis 5.3 Post-intervention, CLICKS_EVC will exceed the benchmark of 40%. 

6. Value Model Consistency 
Hypothesis 6.1 Post-intervention, VALUE will increase. 

7. Choice Strategy Type 

Hypothesis 7.1 Post-intervention, ML1 and ML2 strategies will display higher EVC_% than 
ML3 heuristics. 

Hypothesis 7.2 Post-intervention, ML1 strategies will have EVC_INDEX scores closer to 0 
as ML2 and ML3 heuristics. 

Hypothesis 7.3 Post-intervention, ML1 strategies will achieve highest VALUE, while ML2 
will achieve higher VALUE than ML3 heuristics. 

8. Choice Strategy Switching 

Hypothesis 8.1 ML1 and ML2 strategy users will improve EVC and VALUE post-
intervention. 

Hypothesis 8.2 
DMs who stick with ML1 and ML2 strategies post-intervention will achieve 
better EVC and VALUE than DMs who switch from them, particularly if they 
switch from ML1 strategies. 

Hypothesis 8.3 DMs who switch from ML3 heuristics post-intervention will improve EVC 
and VALUE. 

34 – Table 10.4.2.2: Hypotheses for Study 2 

 
 

10.5 Choice Strategy Identification 
  
 In this section, I will describe the choice strategy identification procedure for both main 
studies. I will elaborate what thresholds were used with a focus on changes from the pilot 
experiments. 
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10.5.1 Identification Procedure for Study 1 
  
 For the Study 1 pilot I developed an identification algorithm in Section 9.3.1. It was 
based on the notion that HEURISTICS process information differently than WADD. I 
distinguished approaches relative to three information-processing measures (Table 7.1.1): 
Extent and consistency of information acquisitions, and pattern of processing. I argued that 
differences in processing behaviour would be more conspicuous in Study1 due to the notation, 
which might induce changes to all considered decision strategies except WADD. I discussed 
previous research that found strategic adaptive decision behaviour (Payne et al., 1993; Weber 
& Johnson, 2009).  
 
 The identification procedure of the main experiment is based on the algorithm from 
Figure 9.3.1.1. However, I implemented a few changes. There are two reasons for this: First, 
the main data collection took place under different circumstances. An important factor here is 
the reimbursement scheme that increased the incentive to make good selections. Due to this, I 
will review and revise thresholds of the algorithm. Second, I want to solely focus on the 
distinction between WADD and HEURISTICS. During the pilot, I also considered a MIXED 
group that consisted of cases for which I was uncertain about the classification. During analysis, 
however, I noticed the difficulty to interpret results for this group because I could not infer 
much about its members82.  
 
 I revised the thresholds of the algorithm the following way: The value for the minimum 
number of transitions (ACQ) did not change. I chose the value of 20 in the pilot based on the 
layout of the alternative-attribute matrix. The structure remains the same for the main 
experiment; thus, I kept the threshold constant. For HOLISTIC_0, I set a minimum of 0.8 during 
the pilot to classify WADD, but only values below 0.7 were considered HEURISTICS. For the 
main study, there are two conflicting arguments how to adjust this threshold. On the one hand, 
due to the monetary incentive, it would be logical to increase the threshold because WADD 
necessitates extensive information acquisition, and more motivated participants may behave 
closer to the normative expectation (e.g. Zuschke, 2020, p.315). On the other hand, in the pilot 
some WADD users may have been misclassified into MIXED. Now that I eliminate the MIXED 
group, I should as consequence decrease the classification threshold of HOLISTIC_0 for 
WADD. Balancing both arguments, I decided to maintain the threshold at 0.8.  
 

Next to consider was the pattern of processing. In the pilot, I employed a relatively large 
tolerance level to categorise alternative-based processing.  I argued in Section 9.3.1 that the 
Payne Index is biased towards more negative scores in this experimental setting because there 
are more alternatives than attributes (Pfeiffer et al., 2014). Also, I demonstrated that 
compensatory processes do not necessitate alternative-based transitions. Based on these two 
points, I only classified HEURISTICS for PATTERN values below -0.4. For the main 
experiment, I believe that this threshold might be particularly challenged because it is less 
discriminating than in previous research. Therefore, I will adjust that value. Any value above 0 

 
82 Members of MIXED may utilise either a combination of strategies (potentially intelligent adaptation) or fail 
during execution of their strategy (trouble to adapt to choice situation) in a way as to make it difficult to classify. 
These explanations suggest varying recommendations and therefore it is hard to interpret the results overall. 
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for the Payne Index is traditionally considered alternative-based processing. For the main study, 
I will also set the threshold to 0. Only for participants with high ACQ, which are cases where 
PATTERN may specifically tend towards more attribute-based scores due to the two arguments 
above, I will employ a tolerance level. However, that tolerance is only -0.1. A PATTERN below 
-0.1 will thus be considered a HEURISTIC in any case.  

 
The last remaining threshold classifies strategies based on selectivity of processing by 

assessing SD variables. My experience from the pilot suggests that suitable cut-off values for 
WADD classification are SD values below 0.15. For the main experiment, I add one exception 
to this rule because SD values based on time measurements had higher variance across cases. 
Therefore, I classify a strategy as WADD if all SD frequency values are below 0.15, and only 
up to one value of either SD_T_ATT or SD_T_ALT ranges between 0.15 and 0.2. Any other 
scenario is considered as HEURISTIC83. A summary of the adjusted choice identification 
algorithm for the main experiment of Study 1 is provided in Figure 10.5.1.1.  

 
23 – Figure 10.5.1.1: Choice strategy identification algorithm for Study 1 

 
 

Table 10.5.1.1 presents a summary of the distribution of WADD and HEURISTICS 
across Study 1. A more detailed account is given in APPENDIX to Section 10.5.1, which 
complements this overview by stating values for classification variables for all participants and 
CPs. The ‘overall’ column declares the dominant strategy type over the course of the 
experiment for every subject. Excluded are situations where WADD and HEURISTICS were 
employed an equivalent amount of times (e.g. #30), or when a participants’ data was only 
available for less than half of all CPs84 (#76). The distribution of choice strategies indicates that 
the amount of WADD varied across CPs. Percentage of WADD usage lies between 6.98% and 

 
83 For instance, if either SD_F_ATT or SD_F_ALT values exceed 0.15, or both SD_T values range between 0.15 
and 0.20, or any single SD value is above 0.2. 
84 This might be the case if data of that person was eliminated during the data-processing stage. 
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29.41%. During the pilot analysis (Table 9.3.1.1) it had been between 20% (CP2) and 35% 
(CP5). Since the adjusted algorithm is more discriminating, the drop in value is not surprising.  
 

ID CP1 CP2 CP3 CP4 CP5 Overall 
1 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
2 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
3 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
4 X HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
5 WADD HEURISTIC HEURISTIC WADD HEURISTIC HEURISTIC 
6 WADD HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
7 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
8 WADD HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
9 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
10 WADD HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
11 WADD HEURISTIC WADD WADD HEURISTIC WADD 
12 HEURISTIC HEURISTIC WADD WADD HEURISTIC HEURISTIC 
13 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
14 WADD HEURISTIC WADD HEURISTIC WADD WADD 
15 WADD HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
16 HEURISTIC HEURISTIC WADD HEURISTIC HEURISTIC HEURISTIC 
17 X HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
18 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
19 HEURISTIC WADD HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
20 HEURISTIC HEURISTIC WADD HEURISTIC WADD HEURISTIC 
21 WADD HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
22 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
23 WADD HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
24 X HEURISTIC HEURISTIC WADD HEURISTIC HEURISTIC 
25 HEURISTIC HEURISTIC WADD WADD HEURISTIC HEURISTIC 
26 HEURISTIC HEURISTIC WADD X HEURISTIC HEURISTIC 
27 HEURISTIC HEURISTIC HEURISTIC WADD HEURISTIC HEURISTIC 
28 HEURISTIC HEURISTIC HEURISTIC WADD HEURISTIC HEURISTIC 
29 HEURISTIC HEURISTIC WADD HEURISTIC HEURISTIC HEURISTIC 
30 WADD HEURISTIC HEURISTIC X WADD X 
31 HEURISTIC HEURISTIC HEURISTIC X HEURISTIC HEURISTIC 
32 HEURISTIC WADD HEURISTIC WADD HEURISTIC HEURISTIC 
33 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
34 HEURISTIC HEURISTIC WADD HEURISTIC HEURISTIC HEURISTIC 
35 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
36 WADD HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
37 HEURISTIC HEURISTIC HEURISTIC X HEURISTIC HEURISTIC 
38 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
39 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
40 HEURISTIC HEURISTIC WADD WADD HEURISTIC HEURISTIC 
41 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
42 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
43 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
44 HEURISTIC WADD HEURISTIC WADD WADD WADD 
45 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
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46 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
47 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
48 HEURISTIC HEURISTIC WADD HEURISTIC HEURISTIC HEURISTIC 
49 HEURISTIC HEURISTIC WADD HEURISTIC HEURISTIC HEURISTIC 
50 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
51 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
52 HEURISTIC HEURISTIC HEURISTIC HEURISTIC X HEURISTIC 
53 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
54 HEURISTIC WADD WADD HEURISTIC HEURISTIC HEURISTIC 
55 HEURISTIC WADD WADD HEURISTIC HEURISTIC HEURISTIC 
56 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
57 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
58 HEURISTIC HEURISTIC WADD HEURISTIC HEURISTIC HEURISTIC 
59 WADD HEURISTIC WADD HEURISTIC HEURISTIC HEURISTIC 
60 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
61 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
62 HEURISTIC HEURISTIC HEURISTIC WADD HEURISTIC HEURISTIC 
63 X HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
64 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
65 WADD HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
66 X HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
67 WADD HEURISTIC X HEURISTIC HEURISTIC HEURISTIC 
68 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
69 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
70 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
71 HEURISTIC HEURISTIC WADD HEURISTIC HEURISTIC HEURISTIC 
72 WADD HEURISTIC WADD HEURISTIC WADD WADD 
73 WADD WADD WADD WADD HEURISTIC WADD 
74 HEURISTIC HEURISTIC HEURISTIC WADD HEURISTIC HEURISTIC 
75 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
76 X X WADD X X X 
77 HEURISTIC WADD X WADD HEURISTIC X 
78 HEURISTIC HEURISTIC HEURISTIC WADD HEURISTIC HEURISTIC 
79 HEURISTIC HEURISTIC HEURISTIC HEURISTIC WADD HEURISTIC 
80 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
81 HEURISTIC HEURISTIC WADD HEURISTIC HEURISTIC HEURISTIC 
82 X HEURISTIC WADD HEURISTIC HEURISTIC HEURISTIC 
83 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
84 HEURISTIC WADD X HEURISTIC HEURISTIC HEURISTIC 
85 HEURISTIC HEURISTIC WADD HEURISTIC HEURISTIC HEURISTIC 
86 HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC HEURISTIC 
87 HEURISTIC HEURISTIC WADD HEURISTIC HEURISTIC HEURISTIC 
88 HEURISTIC HEURISTIC WADD HEURISTIC HEURISTIC HEURISTIC 

TOTAL 81 87 85 83 86 85 
WADD 16 8 25 15 6 5 

HEURISTIC 65 79 60 68 80 80 
WADD_% 19.75% 9.20% 29.41% 18.07% 6.98% 5.88% 

35 – Table 10.5.1.1: Identified choice strategies for Study 1 



 192 

In the pilot the highest utilisation of WADD occurred post-intervention, while for the 
main study WADD percentage was lowest for CP5. While I would not overemphasise pilot 
findings due to its small sample size, it might be attributable to selection bias. Pilot participants 
were all members of my network, most with successful careers. Thus, their reaction to the 
intervention might have varied from the average person. I argued previously that the 
responsiveness to the intervention might depend on the ability to translate the theoretical 
concepts into practical application. According to the ‘overall’ column in Table 10.5.1.1, only 
5.88% of participants were classified as pre-dominantly WADD, compared to 20% during the 
pilot. I am not aware of a corresponding benchmark from literature, unfortunately. My review 
in Section 6.1 indicated that people inhibit an ‘adaptive toolbox’ that helps them deal with a 
variety of decision tasks (Gigerenzer & Gaissmaier, 2011). Assuming the 5.88% value is 
representative, it would either imply that most toolboxes do not contain MAVT-based methods, 
or that the adaptation of HEURISTICS is sufficient for Study 1. I will debate the efficiency of 
HEURISTICS after further analysis. Next, I discuss choice strategy identification for Study 2.  
 
 

10.5.2 Identification Procedure for Study 2 
 

For Study 2, I employed the metrics of Riedl et al (2008) for identification. However, I 
improved upon their application. The main drawback in the pilot was that numerous approaches 
could not be identified, and for the ones that could, often several metrics were satisfied at once. 
I want to avoid subjective assessments in such instances. Therefore, I now establish thresholds 
and priority rules that cover all possible scenarios.  
 
 The original thresholds for the three metrics are given in Table 9.8.1.1. In the main study, 
I adjust the value for Metric 1 and clarify the range for Metric 3. The theoretically desired ratio 
of alternative- to attribute-wise and mixed transitions for Metric 1 to distinguish WADD, LIM, 
and FRQ is 2.5. However, not a single participant in Study 2 displayed a ratio exceeding 2. I 
see the cause for this in the design of Study 2. Without notation participants must explore the 
alternative-attribute matrix. Its layout, as previously argued, incentivises attribute-based 
processing. Therefore, a Metric 1 ratio approaching 2.5 becomes unlikely. I tackled this issue 
the following way: According to Table 6.2.1, WADD, LIM, and FRQ (and SAT) are the 
alternative-based strategies in our consideration set. Therefore, I integrate a simple rule based 
on the frequency of alternative- versus attribute-based transitions. A stark indicator for WADD, 
LIM, and FRQ is thus the occurrence of more alternative- than attribute-wise transitions85. 
Like the Payne Index, I disregard mixed transitions. Because of the expected initial exploration 
phase in Study 2, I set a tolerance level. Values for the alternative- to attribute-based transition 
ratio between 1 and 0.70 will be considered as weak indicator for WADD, LIM, FRQ, and SAT 
strategies. As I will elaborate later, weak indicators are of low priority for the final identification 
and only relevant if no other metric is satisfied at the same time. Participants with a ratio below 
0.70 could not be classified through Metric 186. 

 
85 Ergo, an alternative- to attribute-based transition ratio higher than one. 
86 There was one exception: #35 in FLAT. I classified that case as WADD, according to Riedl et al (2008) because 
of high ACQ (140) and a Metric 3 score close to 0 (-0.098).  



 193 

 Metric 2 considers the ratio of information-acquisition frequencies on alternatives to 
identify MCD. All theoretical ratios for our context were provided in Table 9.8.1.1 and are still 
relevant. Obviously, the calculation of this ratio requires a varying extent of approximation 
because acquisition frequencies on alternatives are often no perfect multiples and must be 
undertaken on a case-by-case basis. The strength of the indication is therefore influenced by 
the required subjective assessment. Equivalent ratios are considered indicators but due to 
approximation the priority of Metric 2 is the lowest among the metrics.  
 

Table 9.8.1.1 states for Metric 3 that correlation scores between attribute rank and 
number of acquisitions on an attribute should be around -1 for LEX and EBA. For the main 
study, I interpret the range of its values. Thus, I regard a score between -1 and -0.95 as strong 
indicator, and values between -0.95 and -0.75 as weak indicator for Metric 3. Values that exceed 
-0.75 will not be classified via Metric 3. In general, correlation scores between 0 and ±0.70 
only indicate low or moderate relation, while scores in the -1 to -0.90 range describe very high 
negative correlation (Asuero et al., 2006, p.47). 

 
Finally, I review the identification procedure for the remaining SAT strategy. The 

properties I utilise are that we expect SAT being on the boundary of alternative-based 
processing87, as well as having correlation scores for Metric 3 between 0 and -1. I do not 
compare acquisition frequencies on alternatives (Table 9.8.1.1) because the pilot indicated that 
participants are unlikely to implement choice strategies that purely. That makes it less 
meaningful for practical application because the exploration stage may interfere. I set the 
Metric 1 range for SAT identification from 1 to 0.45. Scores above 1 are considered strong 
indicators for WADD, LIM, and FRQ. Values between 1 and 0.70, which is the weak indicator 
range of Metric 1, can however be SAT as well. Next, I will discuss how I break ties. 

 
When several metrics are satisfied simultaneously, the identification decision is based 

on two rules. First, strong indicators beat weak indicators. Second, if all available indicators 
for a case are strong or weak, the identification is based on the priority hierarchy of metrics. 
The most prioritised is Metric 1 because the distinction of alternative- and attribute-wise 
processing is well established in the literature. Least prioritised is Metric 2 because the 
calculation of its ratios sometimes requires approximation, which leaves Metric 3 in the middle 
of the priority hierarchy. I provide an example to clarify the identification procedure. For 
instance, a case with a Metric 1 ratio of 0.80 and Metric 3 correlation value of -0.95 will be 
classified as LEX/EBA based on the strong indicator on Metric 3 (correlation ≥ -0.95), rather 
than the weak indicator on Metric 1 (ratio between 0.70-1). However, if the Metric 1 ratio would 
be 1.1 instead, the participant would display strong indicators on both metrics, in which case 
the higher priority of Metric 1 would decide the classification in favour of WADD, LIM, or 
FRQ. Metric 2 never beats the other metrics unless they provide weaker or no indication. 

 
 
 
 

 
87 I am less discriminative here (I do not request alternative-based scores as necessity) because of the discussed 
tendency towards more attribute-based PATTERN scores in the setting of Study 2.  
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Study 2 Choice Strategy Identification 

 
 

Step 1: Metrics & Properties 
 

Metric 1: WADD, 
LIM/FRQ 

Ratio of alternative-wise to 
attribute-wise transitions 

Strong: Ratio ≥ 1 
Weak: Ratio between 0.70 and 1 

Metric 2: MCD 
Ratio of information-

acquisition frequencies on 
choice alternatives 

 
Strong/weak depends on 

approximation 
Ratio of 4:1:1:1:1, 3:2:1:1:1, or 

2:2:2:1:1 
 

Metric 3:  LEX/EBA 
Correlation between attribute 

rank and number of 
acquisitions for an attribute 

Strong: Correlation between  
-1 and -0.95 

Weak: Correlation between  
-0.95 and -0.75 

 
Additional Properties: SAT 

 

Combination of Metric 1 and 
Metric 3 

Metric 1: Ratio between  
0.45 and 1 

Metric 3: Correlation between  
-1 and 0 

 
Step 2: Breaking Ties 

If multiple metrics are satisfied simultaneously 
 

Rule 1 
 

Strong indicators beat weak 
indicators 

 

The metric with strong indicator 
decides classification. If there 
exist several strong, or only 
weak indicators: use Rule 2 

Rule 2 
 

Priority hierarchy of metrics 
#1: Metric 1 
#2: Metric 3 
#3: Metric 2 

Among the metrics that are 
satisfied, the one with highest 
priority decides classification 

 
Step 3: Breaking Ties 

If one metric implies several strategies 
 

 
Distinguish SAT from 
WADD, LIM and FRQ 

 

Based on Metric 3 correlation 
score 

WADD, LIM/FRQ if correlation 
is higher than -0.5 

SAT if correlation is lower than  
-0.5 

 
Distinguish WADD from 

LIM/FRQ 
 

Based on average time spent 
per acquisition 

WADD if longer than 1 second 
per acquisition 

LIM/FRQ if shorter than 1 
second per acquisition 

36 – Table 10.5.2.1: Choice strategy identification procedure for Study 2  



 195 

ID CP1 CP2 ID CP1 CP2 
1 X MCD 42 SAT LEX 
2 LEX LEX 43 MCD LEX 
3 SAT X 44 X LEX 
4 X X 45 FRQ/LIM FRQ/LIM 
5 X MCD 46 LEX X 
6 MCD WADD 47 SAT MCD 
7 LEX X 48 SAT FRQ/LIM 
8 MCD X 49 LEX LEX 
9 MCD MCD 50 MCD MCD 
10 X X 51 MCD X 
11 FRQ/LIM X 52 LEX MCD 
12 WADD X 53 LEX X 
13 LEX LEX 54 X MCD 
14 LEX MCD 55 MCD X 
15 WADD WADD 56 MCD LEX 
16 X MCD 57 LEX X 
17 LEX SAT 58 SAT FRQ/LIM 
18 FRQ/LIM SAT 59 FRQ/LIM WADD 
19 MCD WADD 60 X WADD 
20 X MCD 61 X MCD 
21 X X 62 MCD LEX 
22 WADD LEX 63 LEX LEX 
23 LEX LEX 64 LEX SAT 
24 X LEX 65 LEX WADD 
25 SAT LEX 66 X X 
26 MCD LEX 67 LEX SAT 
27 LEX MCD 68 X MCD 
28 MCD X 69 X X 
29 X X 70 X X 
30 X MCD 71 LEX X 
31 LEX X 72 LEX MCD 
32 LEX LEX 73 LEX SAT 
33 LEX LEX 74 LEX X 
34 MCD X 75 LEX LEX 
35 MCD WADD 76 X MCD 
36 SAT WADD 77 MCD X 
37 SAT LEX 78 WADD X 
38 LEX X 79 LEX WADD 
39 FRQ/LIM X 80 MCD X 
40 WADD MCD 81 FRQ/LIM MCD 
41 SAT X 82 LEX SAT 

 
 CASES CLASSIFIED WADD FRQ/LIM MCD LEX/EBA SAT 

CP1 81 63 (77.78%) 5 6 16 27 9 
CP2 79 54 (68.35%) 9 3 18 18 6 

TOTAL 160 117 (73.13%) 14 9 34 45 15 
37 – Table 10.5.2.2: Identified choice strategies for Study 2 
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What remains to clarify is how to distinguish WADD from LIM/FRQ and SAT in case 
Metric 1 is satisfied. If the ratio is in the strong-indicator range, I only consider WADD and 
LIM/FRQ as candidate strategies. In the literature WADD is sometimes distinguished from 
HEURISTICS by the time spent per acquisition (Lurie, 2004). The processed Mouselab data 
provides information about the ‘maxcount’ of acquisitions (ACQ), as well as the duration from 
loading the Mouselab page to final selection for every participant. I decided to employ a 
threshold of one second per acquisition. If the participant took longer than one second, I 
classified the strategy as WADD, and LIM/FRQ otherwise. In the weak-indicator range of 
Metric 1, I further need to discriminate SAT from WADD and LIM/FRQ. According to Table 
9.8.1.1, consistent strategies like WADD, LIM, and FRQ are expected to display Metric 3 
correlation scores around 0, while likely ranges for SAT lie between 0 and -1. Therefore, I 
generally considered the midpoint of -0.5 as threshold for classification. If the correlation value 
was located between 0 and -0.5, I categorised the strategy in favour of WADD, LIM and FRQ88, 
and SAT otherwise. With help of these rules all possible combinations could be relatively 
unambiguously classified as either WADD, LIM/FRQ, MCD, LEX/EBA, or SAT strategy if at 
least one weak indicator existed. If no metric was satisfied, the strategy remained unclassified. 
The above procedure is summarised in Table 10.5.2.1.  

 
Table 10.5.2.2 presents the resulting strategies, as identified with the above procedure. 

I also provided the values that were used for classification in APPENDIX to Section 10.5.2. Of 
the 160 strategies in Study 2, the procedure identified 117. Compared to the pilot (55.00%), the 
overall identification rate of 73.13% is much higher. WADD was employed 6.17% of the time 
in CP1, and 11.39% in CP2 post-intervention. In the pilot, the values were 10.00% (CP1) and 
5.00% (CP2). This is also a similar range as I found for Study 1 (Table 10.5.1.1). Overall, 
lexicographic strategies were implemented most often (28.13% of cases), just as during the 
pilot, when the corresponding value was 27.50%. MCD was classified for 21.25% of all cases 
(pilot: 15.00%). In summary, the resulting distribution is relatively consistent across studies, 
while the improved identification rate will be an advantage for statistical analysis. The 
categorisation that I have presented in this chapter will be used during data analysis to compare 
performance on variables with respect to the types of choice strategies employed. This analysis 
will take place in the next chapter.  

 
 

10.6 Data Analysis 
 
This chapter will cover the main data analysis. I tested all hypotheses from Section 10.4 

statistically. To supply an overview how I determined the appropriate statistical test for each 
scenario, I provide a table in the APPENDIX of Section 10.6. I will begin with data analysis 
for Study 1 before moving to Study 2. 

 
 
 

 
88 Afterwards, I further distinguished WADD from Lim/FRQ based on time spent per acquisition. 
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10.6.1 Analysis for Study 1  
 

Study 1 was characterised by varying complexity, which was caused by manipulations 
of the attribute ranges and the spread of performance levels on attribute scales. In this chapter 
I will report on the following analysis: First, I will provide a statistical overview of the 
reimbursement. Then, I will investigate selection frequencies and average attribute weights. 
This is undertaken to test assumptions and predictions from the theoretical model in Figure 
8.2.3. Afterwards, I will evaluate effects of CP presentation order on information-processing 
variables. The main body of between-subjects analysis follows with an investigation of the 
impact of complexity and the prescriptive intervention stage on information-processing, 
attribute range sensitivity and value model consistency. Lastly, I will assess the influence of 
differences in choice strategy usage and strategy-switching behaviour. I provide all associated 
SPSS output in the corresponding sections in APPENDICES.  
 

Below, I briefly summarise the main results, which will then be detailed in the 
subsequent sub-sections. First, CP presentation order influenced information-processing 
variables. In Section 10.6.1.2, I find that DMs invested less effort into CPs, which were 
encountered later in the experiment. The selection time decreased, and participants acquired 
data from a smaller number of cells. Processing became more selective on attribute- and 
alternative-information and extreme value consideration became more unbalanced. Overall, 
information-processing variable changes indicate the employment of less sophisticated choice 
strategies with increasing presentation order. 
 
 Next, I discuss the overall effects of complexity and the intervention stage on 
information processing. Verdicts for all hypotheses of Section 10.4.1 are further displayed in 
Table 10.6.1.1. It presents statistical results for each hypothesis stating the chosen statistical 
test, p-value, significance/non-significance verdict against the 90%-level, and effect 
size/strength where applicable. Regarding complexity, I find no influence on overall processing 
effort but processing itself becomes more consistent on alternative-information. Increasing 
complexity showed no impact on transitioning behaviour and extreme value consideration, 
however. For the most complex CP, there was a significant decrease in value model 
consistency. Overall, the influence of complexity on choice processes was not as strong as 
predicted. 
 

The intervention stage impacted information processing. Participants acquired more 
information and took longer to process it post-intervention. The consistency on alternative-
information increased. The processing pattern itself became more attribute-wise. Extreme value 
consideration was considerably different from random search after the intervention video but 
not more balanced. Despite the above, value model consistency did not change considerably. 
Note that some (insignificant) results may be caused by interference with presentation-order 
effects. For some variables, those effects were in opposing directions. Generally, participants 
struggled with attribute range sensitivity. On the individual level some persons managed to 
showcase great adjustments but overall, results implied that simultaneous range manipulations 
on three attributes lead to significant difficulties. The intervention stage failed to enable 
improvements. 
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Summary of Study 1 Results 

1. Overall Processing Effort 

Hypothesis 
1.1 

With increasing complexity in the unassisted part, subjects will acquire more information, 
and take longer to select an option.  
ACQ: rmANOVA, p = .194, n.s. 
TIME: trend wrong in Table10.6.1.3.1 

Not 
supported 

Hypothesis 
1.2 

With increasing complexity in the unassisted part, HOLISTIC will increase. 
HOLISTIC: trend wrong in Table 10.6.1.3.1 

Not 
supported 

Hypothesis 
1.3 

ACQ and TIME have a positive correlation pre- and post-intervention. 
CP4: r = .850, p < .001, significant, strong correlation 
CP5: r = .861, p < .001, significant, strong correlation 

Supported 

Summary 

1.  No effect between complexity and overall processing effort. Presentation order effects may interfere 
with CP4 results. 
2. The prescriptive intervention influenced overall processing effort. Participants exerted more effort 
post-intervention on ACQ (medium effect), TIME (strong effect), and HOLISTIC (weak effect).  
3.  The use of frequency data to evaluate overall processing effort is appropriate. 

2. Selectivity of Processing Behaviour 

Hypothesis 
2.1 

With increasing complexity in the unassisted part, subjects will acquire information in a 
more consistent manner (lower SD). 
SD_F_ALT: rmANOVA, p = .099, significant, f = .18, weak effect 
SD_T_ALT: rmANOVA, p = .212, n.s. 
SD_F_ATT: trend wrong in Table 10.6.1.3.1 
SD_T_ATT: trend wrong in Table 10.6.1.3.1 

Not 
supported 

Hypothesis 
2.2 

The influence of the intervention on SD depends on subject’s adaptivity. I expect lower 
SD-ALT, but the impact on SD-ATT is unclear. 
SD_F_ALT: Wilcoxon, p = .036, significant, r = .23, weak effect 
                      Paired T-test, p = .010, significant, d = .30, weak effect 
SD_T_ALT: Wilcoxon, p = .035, significant, r = .24, weak effect 
                      Paired T-test, p = .015, significant, d = .28, weak effect 
SD_F_ATT: Wilcoxon, p = .045, significant, r = .23, weak effect 
                      Paired T-test, p = .262, n.s. 
SD_T_ATT: Wilcoxon, p = .949, n.s. 
                      Paired T-test, p = .850, n.s. 

Supported 

Hypothesis 
2.3 

With increasing complexity in the unassisted part, time and frequency measures on 
attributes will correlate less with the attribute weights (lower R). 
R_ATT: trend wrong in Table 10.6.1.3.1 
R_F_ATT: rmANOVA, p = .769, n.s. 
R_T_ATT: rmANOVA, p = .810, n.s. 

Not 
supported 

Hypothesis 
2.4 

For SD-ATT and SD-ALT, as well as for R-ATT, time and frequency measures have a 
positive correlation throughout Study 1. 
SD_ALT: for all CPs Pearson r, p < .001, significant, strong/very strong correlations 
SD_ATT: for all CPs Pearson r, p < .001, significant, strong correlations 
R_ATT: for all CPs Pearson r, p < .001, significant, moderate/strong correlations 

Supported 

Summary 

1.   Complexity did not influence SD_ATT and R variables but had weak effect on SD_ALT. Presentation 
order effects may interfere with CP4 results. 
2.   The prescriptive intervention influenced selectivity of processing. Participants processed alternative 
information more consistently post-intervention. 
3.   The use of frequency data to evaluate selectivity of processing behaviour is appropriate. 

3. Transitioning Behaviour 
Hypothesis 

3.1 
With increasing complexity in the unassisted part, PATTERN will indicate more 
alternative-based transitions. 
PATTERN: rmANOVA, p = .824, n.s. 

Not 
supported 

Summary 
1.   No effect between complexity and transitioning behaviour. Also, no effect from presentation order. 
2. The prescriptive intervention influenced transitioning behaviour. Participants processed more 
attribute-wise post-intervention. The effect size was strong (r = .53). 
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4. MRTC 
Hypothesis 

4.1 
Unassisted DMs will fail to adjust attribute weights correctly after the attribute range 
manipulation. 
RSI, DAVG and DNO values in Table 10.6.1.3.1 

Supported 

Hypothesis 
4.2 

Post-intervention, RSI scores will be closer to the normative value. 
DAVG: Friedman, p = .484, n.s. 
DNO: Friedman, p = .767, n.s. 

Not 
supported 

Hypothesis 
4.3 

Throughout the unassisted part, EVC_% will be below the 35% benchmark. EVC_% may 
rise with increasing complexity but should not drop. 
EVC_%: rmANOVA, p = .195, n.s. 

Partial 
support 

Hypothesis 
4.4 

Post-intervention, EVC_% will exceed the benchmark of 35%. 
EVC_%: Wilcoxon, p = .027, significant, r = .25, weak effect 
                Paired T-test, p = .032, significant, d = .24, weak effect 
                One-Sample T-test, p = .008, significant, d = .30, weak effect 

Supported 

Hypothesis 
4.5 

After the intervention, the average deviation of EVC_INDEX from 0 will decrease. 
EVC_INDEX: Wilcoxon, p = .168, significant, r = .18, weak effect 

Marginal 
support 

Summary 

1.  Participants failed to adjust attribute weights correctly after the range manipulation. The prescriptive 
intervention did not influence DAVG and DNO.  
2.  Complexity did not influence EVC variables, thus EVC_% values did not drop. 
3. The prescriptive intervention influenced extreme value consideration. EVC_% increased post-
intervention to a level that was significantly different from the random-search benchmark. The effect on 
EVC_INDEX was significant at the 90%-level, even though presentation order effects may induce its 
underestimation.  

5. Value Model Consistency 
Hypothesis 

5.1 
With increasing complexity in the unassisted part, VALUE will decrease. 
VALUE: rmANOVA, p < .001, significant, f = .44, strong effect Supported 

Hypothesis 
5.2 

After the prescriptive intervention, VALUE will increase. 
VALUE: trend wrong in Table 10.6.1.3.1 
               Wilcoxon: p = .330, n.s. 

Not 
supported 

Summary 1.   Complexity had a strong influence on VALUE. VALUE decreased for the most complex CP4. 
2.   The prescriptive intervention did not influence VALUE. 

6. Choice Strategy Type 

Hypothesis 
6.1 

Post-intervention, WADD will display higher EVC_% and EVC_INDEX scores closer to 
0 as compared to HEURISTICS. 
EVC_%: Independent T-test, p = .697, n.s. 
EVC_INDEX: Independent T-test, p = .943, n.s. 

Not 
supported 

Hypothesis 
6.2 

 Post-intervention, WADD will display higher VALUE than HEURISTICS.   
VALUE: Independent T-test, p = .253, n.s. 

Not 
supported 

Summary 

1.  There were significant differences between WADD and HEURISTICS on information-processing 
variables. HEURISTICS invested less effort than WADD but achieved similar choice quality overall. 
2.   HEURISTICS were responsive to the intervention stage. Post-intervention they displayed improved 
choice-processing behaviour even though value model consistency did not change. The impact of the 
intervention on WADD was not assessed due to small sample sizes. 

7. Choice Strategy Switching 

Hypothesis 
7.1 

DMs who do not switch strategy post-intervention, independent of strategy type, will 
experience a positive overall effect on EVC and VALUE variables. 
EVC_%: Wilcoxon, p = .040, significant, r = .26, weak effect 
EVC_INDEX: Wilcoxon, p = .236, n.s. 
VALUE: Wilcoxon, p = .591, n.s. 

Partial 
support 

Hypothesis 
7.2 

DMs who do not switch strategy post-intervention, will score better on EVC and VALUE 
variables than switchers, independent of the type of switch. 
EVC_%: Mann-Whitney-U, p = .687, n.s. 
EVC_INDEX: Mann-Whitney-U, p = .800, n.s. 
VALUE: Mann-Whitney-U, p = .744, n.s. 

Not 
supported 

Summary 
1.  Pre-intervention, ‘switchers’ displayed more sophisticated choice-processing behaviour than ‘non-
switchers’. 
2. The intervention had more positive impact on ‘non-switchers’, even though post-intervention 
between-group performance on choice quality variables did not vary. 

38 – Table 10.6.1.1: Summary of verdicts for Study 1 hypotheses 
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Next, I assessed differences relative to choice strategy type. I compared performance 
between WADD and HEURISTICS, and between strategy ‘switchers’ and ‘non-switchers’. 
Besides the variables used for strategy identification, there were significant differences in 
choice-processing behaviour between strategy types for completion time, transitioning patterns 
and extreme value consideration for CP1. Nevertheless, value model consistency failed to be 
higher for WADD throughout the experiment. In CP2, HEURISTICS even outperformed 
WADD on VALUE. The influence of the intervention could only be evaluated for 
HEURISTICS due to small post-intervention sample size for WADD. After the video, several 
variables changed significantly. HEURISTICS took longer to select their preferred alternative 
and processed information more attribute-wise. They processed more selective on attribute- but 
more consistent on alternative-information. The correlation between time spent on an attribute’s 
information and its allocated weight and the focus on extreme value information increased. 
Overall, HEURISTICS were responsive to the intervention stage, a result that is inconsistent 
with the compatibility-viewpoint. Value model consistency did not improve, however. 
Nevertheless, HEURISTICS performed better than was predicted and not worse than WADD, 
even though the most inconsistent VALUE performers were predominantly HEURISTIC users. 

 
Regarding strategy-switching behaviour, I found that ‘switchers’ displayed more 

sophisticated choice-processing behaviour than ‘non-switchers’ pre-intervention. Differences 
were statistically significant for overall processing and transitioning behaviour, as well as for 
selectivity of processing. The intervention had varying influence on both groups. ‘Switchers’ 
processed longer and more attribute-wise post-intervention, but range sensitivity decreased. 
‘Non-switchers’ displayed a more positive reaction to the video, overall. Despite comparable 
changes to completion time and transitioning pattern, ‘non-switchers’ processed more selective 
on attribute- but more consistent on alternative-information. Also, focus on extreme value 
information increased considerably to a level above the random-search benchmark. 
 
 Lastly, I validated several assumptions. Selection frequencies for CPs were relatively 
consistent with theoretical prediction. However, participants did not start out with equal weights 
in CP1. Thus, the theoretical model underlying the predictions in Figure 8.2.3 is not 100% 
accurate. The evaluation of time- and frequency-based variables showed at least moderate 
correlation in all cases. Results were significant. Thus, the focus on frequency measures in 
Study 2 will be adequate.  
 
 

10.6.1.1 Reimbursement and Choice Problems 
 
 Here, I will provide several summary statistics about Study 1. I will give details about 
how much reimbursement was distributed to participants. Some information about the age 
distribution, ‘instructions clarity’ and ‘choice confidence’ scores of each condition was already 
provided in Table 10.2.3.1. 
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10.6.1.1.1 REIMBURSEMENT 
 

Participants received a £10 Amazon voucher for completing the experiment but had the 
opportunity to achieve higher reimbursement by selecting alternatives consistent with their 
elicited value model. For every consistent choice they were promised an additional £1. 
Furthermore, the top five VALUE performers were granted a £10 award. In this section I will 
discuss how much money was distributed, and who was able to secure prices.  
 
ID AVG #COR ID AVG #COR ID AVG #COR ID AVG #COR 
1 84.4% 1 23 83.9% 1 45 100.0% 5 67 93.3% 1 
2 83.9% 3 24 81.2% 0 46 86.7% 1 68 95.6% 3 
3 92.3% 2 25 65.2% 2 47 87.5% 2 69 90.7% 1 
4 93.1% 2 26 80.4% 0 48 81.7% 0 70 100.0% 5 
5 89.1% 2 27 85.5% 3 49 83.1% 1 71 91.3% 2 
6 98.2% 4 28 80.9% 1 50 65.1% 0 72 95.5% 2 
7 82.6% 2 29 100.0% 5 51 93.9% 2 73 92.4% 2 
8 89.8% 2 30 70.7% 0 52 78.3% 0 74 78.0% 1 
9 87.9% 1 31 76.2% 0 53 94.1% 2 75 83.9% 1 
10 60.2% 1 32 80.4% 0 54 84.6% 0 76 93.4% 0 
11 97.2% 3 33 71.7% 2 55 70.8% 1 77 75.6% 1 
12 94.0% 1 34 88.4% 0 56 97.0% 3 78 95.8% 2 
13 95.9% 2 35 83.1% 0 57 84.8% 0 79 77.5% 0 
14 89.1% 3 36 79.1% 1 58 91.9% 1 80 96.2% 2 
15 84.8% 0 37 85.9% 0 59 82.2% 1 81 86.2% 2 
16 89.3% 2 38 50.2% 0 60 87.1% 2 82 84.8% 1 
17 100.0% 4 39 85.3% 2 61 94.9% 2 83 87.9% 3 
18 93.6% 1 40 78.5% 1 62 92.9% 3 84 95.4% 2 
19 81.0% 1 41 98.3% 4 63 93.9% 2 85 81.6% 2 
20 90.6% 3 42 80.8% 1 64 84.3% 2 86 89.6% 2 
21 87.9% 3 43 90.7% 2 65 91.6% 4 87 92.0% 3 
22 78.2% 2 44 82.2% 2 66 84.2% 2 88 84.4% 1 

    
TOP 10 

ID 29 45 70 6 11 80 13 78 68 72 
AVG 100.0% 100.0% 100.0% 98.2% 97.2% 96.2% 95.9% 95.8% 95.6% 95.5% 
STRAT HEUR HEUR HEUR HEUR WADD HEUR HEUR HEUR HEUR WADD 

BOTTOM 10 
ID 38 10 50 25 55 33 74 22 40 36 
AVG 50.2% 60.2% 65.1% 65.2% 70.8% 71.7% 78.0% 78.2% 78.5% 79.1% 
STRAT HEUR HEUR HEUR HEUR HEUR HEUR HEUR HEUR HEUR HEUR 

39 – Table 10.6.1.1.1: Reimbursement data for Study 1 

First, I explain the four requirements to be eligible for the ‘TOP 5’ prices. First, 
participants had to rate ‘instructions clarity’ at least with three points on the Likert scale (Table 
10.2.3.1). Second, participants were eligible if none of their mouse-tracking tasks had been 
dismissed during Section 10.3.2. I only considered DMs for the overall-performance prices if a 
complete data set was still available. Third, since the VALUE-performance price is based on 
Qualtrics data, I dismissed participants for whom I had approximated marginal value functions 
in Section 10.3.1. Fourth, participants had approved to be part of the lottery by providing a valid 
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personal mail-address during the experiment. Thus, in general, everyone was eligible if their 
answers were complete after data processing, and if I had no impact on their values at any point. 
I display overall reimbursement across CPs in Table 10.6.1.1.1. In the upper part, information 
about average VALUE performance (AVG) for each participant (ID) and number of consistent 
selections is displayed (#COR). The AVG of ineligible DMs is crossed out and not considered 
for further discussion. The lower part shows the ten top and bottom VALUE performers with 
indication of their prevalent choice strategies (WADD or HEURISTIC).  

 
Even though my influence through editing and dismissing data was comparatively low89 

(Section 10.3.1: Below 5% of marginal value functions were approximated; Section 10.3.2: 
Only 3.87% dismissal rate for Mouselab data), only 68 out of 88 participants were eligible 
according to Table 10.6.1.1.1. For instance, #17 would have made the ‘TOP 5’ purely on 
VALUE but did not receive the top price because data for CP2 was dismissed and the marginal 
value function for ‘price’ attribute was approximated. Instead, the ‘TOP 5’ consists of #29, #45, 
#70, #6 and #11. On average, participants selected the consistent alternative (#COR) in 1.67 
out of the 5 CPs. For this additional pay-out everyone was eligible. Therefore, the average 
reimbursement totalled £12.24 per participant90. Three participants secured the maximum 
pay-out of £25 (#29, #45, and #70). For the additional awards, participants were contacted via 
their provided mail-addresses, and given one week to arrange the transfer with me over PayPal. 

  
Next, I briefly discuss features of the 10 top and bottom VALUE performers in Table 

10.6.1.1.1. The ‘TOP 10’ all range between 95-100% VALUE, while the ‘BOTTOM 10’ spread 
from 50-80%. Note that especially the bottom list would look differently without the above-
stated requirements for eligibility. Five participants were dismissed who would otherwise fall 
into it. For the top list, it is three people. None of them, however, would have impacted the 
distribution of choice strategies, as all were heuristic users or unidentified. Table 10.5.1.1 stated 
that only five out of 88 participants in Study 1 were prevalent WADD users. Anyhow, two of 
them made the ‘TOP 10’ list. In the bottom list, there are exclusively HEURISTICS even 
though, some of its classifications were close. For instance, #10, #25, #40, #55, and #74 all 
implemented WADD at least once. However, none of them employed WADD post-intervention. 
I find that interesting and wonder if this relates to the hypotheses in Section 10.4.1 about 
strategy-switching behaviour. However, I must note that both ‘TOP 10’ WADD users switched 
strategies post-intervention (#72 from WADD to HEURISTICS and #11 vice versa). Strategy 
switching will be analysed in Section 10.6.1.4.3. 
 
 

10.6.1.1.2 SELECTION FREQUENCY 
 
 Figure 10.6.1.1.1 and the upper section of Table 10.6.1.2 display the selection frequency 
for every alternative. CP1 was the equal distance, equal attribute spread condition. In CP2 the 
attribute spread was manipulated, and in CP3 the attribute ranges were manipulated. CP4 has 

 
89 Compared to the thresholds provided in Willemsen & Johnson (2011, p.29). 
90 This consists of the £10 voucher for completion, the £1.67 for selection consistency, and £0.57, proportional, 
for the ‘TOP 5’ performance awards.  
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both manipulations before the intervention, and CP5 after the intervention stage. Analysing 
frequencies, one finds several changes across CPs. In CP1, selections of Alternatives 3 and 4 
dominate, while post-intervention frequencies are more homogeneously distributed across 
options. General trends are that Alternative 1 is the least selected throughout the experiment, 
Alternatives 2 and 5 become increasingly attractive, and frequencies for Alternative 4 drop 
consistently from being the most-selected in CP1 to only shared 3rd-4th place in CP5.  
 
24 – Figure 10.6.1.1.1: Selection frequencies in Study 1 

            

                           
 
 

Choice 
Problems CP1  CP2  CP3  CP4  CP5  

Frequency of Selections 
Alternative 1 2 (2.3%) 8 (9.1%) 7 (8.0%) 9 (10.2%) 8 (9.1%) 
Alternative 2 7 (8.0%) 10 (11.4%) 6 (6.8%) 14 (15.9%) 16 (18.2%) 
Alternative 3 32 (36.8%) 34 (38.6%) 31 (35.2%) 25 (28.4%) 26 (29.5%) 
Alternative 4 37 (42.5%) 26 (29.5%) 23 (26.1%) 19 (21.6%) 16 (18.2%) 
Alternative 5 9 (10.3%91) 10 (11.4%) 21 (23.9%) 21 (23.9%) 22 (25.0%) 

Average Attribute Weights 
Fuel 34,9% 33,7% 37,4% 35,9% 36,5% 
Age 28,0% 29,1% 31,0% 33,2% 33,3% 
Price 37,1% 37,2% 31,6% 30,9% 30,2% 

40 – Table 10.6.1.1.2: Choice problem statistics for Study 1 

The observed changes are consistent with the manipulations from Section 8.2. In 
particular, the range manipulation for ‘price’ seems a good indicator because Alternatives 5 and 
2 are the 1- and 2-star performances on it (Figure 8.2.1). The influence of ‘price’ decreases after 

 
91 Due to rounding, some percentages do not add up to 100. 
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its range is halved (CP3), making both alternatives more attractive overall. Also, comparing 
with the theoretical prediction of Figure 8.2.3, Alternative 5 is supposedly the highest-value 
alternative from CP3 onwards if DMs start out with equal attribute weights. The shown data 
supports this. Only Alternative 3, which has the highest star-rating, is selected more frequently 
post-intervention. However, selection frequencies of Alternative 3 decrease from CP1 to CP5, 
maybe indicating a decreased influence of ordinal choice strategies over the course of the 
experiment. Overall, participants appear to react to the manipulations in the correct direction 
even though adjustments are insufficient compared to the normative expectation.  
 
 

10.6.1.1.3 AVERAGE ATTRIBUTE WEIGHTS 
 

Next, I analyse average attribute weights. I assumed in Section 8.2 that participants will 
start out with equal weights in CP1 and CP2. Based on Figure 8.2.3, I expect, firstly, weights 
of roughly 0.33 for every attribute in CP1 and CP2, and, secondly, adjustments after the range 
manipulation. The theoretically expected post-manipulation weights are 0.5 for ‘fuel’, 0.375 
for ‘age’, and 0.125 for ‘price’. During the pilot study, weights in CP1 and CP2 for ‘fuel’, ‘age’ 
and ‘price’ were 35.2%, 31.6%, 28.4% and 33.9%, 31.6%, 29.8% (Table 9.4.1.3). Comparing 
this with Table 10.6.1.1.2, validation of the equal weight assumption for CP1 and CP2 of the 
main study is less obvious. Thus, I will statistically test the assumption later. Also, it seems that 
participants prioritised ‘price’ more often over ‘age’ than during the pilot. This might be 
explained by characteristics of the cohort of professionals who formed my pilot sample. Despite 
the above, from CP3 onwards, the table depicts changes in weights of ‘fuel’, ‘age’ and ‘price’ 
in the proposed direction. However, values do not approach the theoretical expectation. Overall, 
a similar under-adjustment is observed than for the selection frequencies above. 

 
I start the verification of the equal attribute weights assumption for CP1 and CP2 with 

a visual examination of the boxplots. These are shown in Figure 10.6.1.1.2 with the y-axis 
representing the range of weights as proportion. For both problems, ‘age’ weights are lower 
than for ‘fuel’ and ‘price’, however, differences do not appear extreme. Several outliers are 
present. Therefore, the visual approach is inconclusive. To test differences in weights for 
statistical significance, I evaluate if values follow a normal distribution92.  

 
 

 
92 For the majority of parametric tests, the data itself does not need to follow normal distribution, but the residuals 
do. Consider an example of testing the height difference between men and women. Clearly, the distribution of 
adult human heights is bimodal, not normal. The distribution of residuals is normal, however. Residuals are 
attained by subtracting from each observation the mean of the group to which the observation belongs. I thank 
Ilkka Leppänen for this clarification.   



 205 

25 – Figure 10.6.1.1.2: Boxplots for CP1 and CP2 attribute weights 

 

 
 

Figure 10.6.1.1.3 displays the corresponding histograms. Skewness and kurtosis are not 
low in several of the figures. Consequently, I performed Kolmogorov-Smirnov and Shapiro-
Wilk tests of normality in SPSS (APPENDIX to Section 10.6.1.1). Based on the results, at the 
95% significance level, I cannot reject the hypothesis that attribute weights in CP1 follow a 
normal distribution. However, I find significant (95%-level) results for CP2-Fuel and CP2-
Price. Therefore, application of repeated-measures ANOVA (henceforth rmANOVA) to 
evaluate differences in weight means for CP2 may not be appropriate. I instead employ the 
related-samples Friedman’s two-way analysis of variance by ranks (henceforth called 
Friedman test), which is a non-parametric alternative for matched groups. Non-parametric tests 
do not require data to fit a normal distribution but have less statistical power. I consider it a 
matched group since attribute weights are based on the same data sample, elicited over several 
occasions in the experiment. 
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26 – Figure 10.6.1.1.3: Histograms for CP1 and CP2 attribute weights 

 

  

 
 

According to the resulting Chi-Square value for CP1, χ2(2, n=88) = 13.99, p = .001, the 
null hypothesis that distributions of CP1-Fuel, CP1-Age, and CP1-Price are identical is rejected. 
For CP2, the corresponding null hypothesis is rejected as well, χ2(2, n=88) = 20.53, p < .001. 
Post-hoc analysis, which is provided in APPENDIX to Section 10.6.1.1, showed via pairwise 
comparisons that the problematic pair is in both choice problems the ‘age’ and ‘price’ attributes. 
Results for other attribute pairs were insignificant. Consequently, participants did not start out 
with equal weights for the ‘price’ and ‘age’ attribute ranges used in CP1 and CP2. Instead, 
participants prioritised ‘price’ over ‘age’ until the attribute range manipulation (Table 
10.6.1.1.2). The consequence of this finding is that the theoretical model behind Figure 8.2.3 
does not precisely represent the scenario of the main study. Some outcome predictions used to 
discuss the selection frequencies in Figure 10.6.1.1.1 may be vague. However, I believe that 
this does not impact the major tendencies discussed. Also, variables used in the further data 
analysis are predominantly independent of this.  
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10.6.1.2 Presentation Order of Choice Problems 
 

Next, I discuss the presentation order of CPs. In the main study, I used a 
counterbalancing mechanism on CP1-CP3. The locations of the first three CPs were varied 
systematically (Table 10.1.1.1). Here, I compare information-processing behaviour across the 
firstly, secondly, and thirdly encountered CPs. Since human behaviour is adaptive (Payne et al., 
1993; Weber & Johnson, 2009), every structural detail may impact the response.  
 

Variables 1st Encountered CP 2nd Encountered CP 
 

3rd Encountered CP 
 

ACQ [freq.] 
44.66  

(n=80; min 3; max 160; sd 
26.18) 

40.06  
(n=82; min 1; max 187; sd 

29.91) 

41.50  
(n=84; min 2; max 155; sd 

29.22) 

TIME [sec.] 
79.96  

(n=80; min 16.61; max 
186.49; sd 31.35) 

50.56  
(n=82; min 11.87; max 

184.82; sd 29.98) 

47.57  
(n=84; min 12.38; max 

163.42; sd 29.90) 

HOLISTIC 
[%] 

90.50  
(n=80; min 7; max 100; sd 

18.97) 

79.67  
(n=82; min 0; max 100; sd 

23.75) 

78.33  
(n=84; min 0; max 100; sd 

23.96) 

PATTERN 
-0.08  

(n=80; min -1; max 1; sd 
0.45) 

0.08  
(n=81; min -1; max 1; sd 

0.45) 

0.05  
(n=83; min -1; max 1; sd 

0.44) 

SD_ATT 
.107  

(n=80; min 0; max .58; sd 
.095) 

.127  
(n=81; min 0; max .58; sd 

.088) 

.122  
(n=83; min 0; max .32; sd 

.079) 

SD_ALT 
.110  

(n=80; min .03; max .45; sd 
.059) 

.147  
(n=82; min .03; max .45; sd 

.093) 

.161  
(n=84; min .04; max .45; sd 

.093) 

R_ATT 
.157  

(n=76; min -1; max 1; sd 
.714) 

.134  
(n=79; min -1; max 1; sd 

.671) 

.173  
(n=82; min -1; max 1; sd 

.741) 

EVC_% [%] 
35.85  

(n=80; min 0; max 54; sd 
7.67) 

35.78 
 (n=82; min 0; max 77; sd 

11.15) 

33.28  
(n=84; min 0; max 62; sd 

10.30) 

EVC_INDEX 
.162  

(n=74; min 0; max .67; sd 
.125) 

.212  
(n=68; min 0; max 1; sd 

.205) 

.257  
(n=68; min 0; max 1; sd 

.235) 

VALUE [%] 
90.11  

(n=80; min 54; max 100; sd 
11.87) 

90.89  
(n=82; min 58; max 100; sd 

10.77) 

90.73  
(n=84; min 41; max 100; sd 

12.15) 
41 – Table 10.6.1.2.1: Information-processing values and CP presentation order 

Table 10.6.1.2.1 displays values on information-processing variables depending on the 
order a CP was encountered. For example, participants acquired on average information from 
44.66 cells on their first task and spent around 80 seconds, while on the second task the 
corresponding values dropped to 40.06 cells and 50.56 seconds. In general, values from the 
table present the following picture: From the first task onwards, ACQ, TIME and HOLISTIC 
decrease, while SD variables of attribute- and alternative-information acquisitions increase. I 
performed Friedman test to evaluate statistical significance of these changes. The variation is 
insignificant for ACQ, χ2(2, n=76) = 2.31, p = .32, but for TIME, χ2(2, n=76) = 68.87, p < .001, 
and HOLISTIC, χ2(2, n=76) = 19.06, p < .001, it is significant at the 99-level. Thus, overall 
processing effort decreases for CPs encountered later in the experiment. For SD_ATT, χ2(2, 
n=75) = 7.28, p = .026, and SD_ALT, χ2(2, 76) = 16.86, p < .001, the results are also significant, 
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indicating more selective information-acquisition behaviour with increasing presentation order. 
PATTERN, χ2(2, n=75) = 3.44, p = .18, and VALUE, χ2(2, n=76) = .98, p = .61, do not change 
considerably. Consequently, participants invest most effort at the beginning of the experiment 
and have the tendency to become increasingly selective after. Interpreted from an effort-
accuracy viewpoint, it points to the employment of less sophisticated choice strategies even 
though value model consistency does not drop here. This motivational issue was assumed 
during the pilot, but not tested nor mitigated by counterbalancing procedure.  

 
For EVC variables, I proposed that EVC_% should be higher for sophisticated choice 

approaches. However, focus on extreme values alone is insufficient to guarantee sound 
decision-making. Therefore, EVC_INDEX, measured as absolute distance, should be closer to 
0 as well. This would indicate balanced consideration of minima and maxima. I thus expect 
lower EVC_% and larger EVC_INDEX deviations from 0 with increasing presentation order 
as participants begin to invest less effort and employ more selective choice approaches. 
Friedman test shows no significant change for EVC_%, χ2(2, n=76) = .89, p = .64. The 95% 
significance level is also missed for EVC_INDEX, χ2(2, n=52) = 4.94, p = .085, albeit closely. 
Note that sample size dropped to 52 because of the required minimum of six extreme value 
acquisitions for calculation of EVC_INDEX. I assess next if a powerful test like rmANOVA 
would be appropriate for EVC_INDEX. Since the sample size is still large, normality is 
sometimes assumed, however, visual evaluation of Figure 10.6.1.2.1 sheds doubt. All 
EVC_INDEX histograms are positively skewed (values for skewness: 1.69, 1.89 and 1.29). The 
probable cause is that the way I measure EVC_INDEX, negative values are transformed into 
absolute values. Analytical analysis confirms the suspicion: Kolmogorov-Smirnov (all p < 
.001) and Shapiro-Wilk (all p < .001) indicate that the null hypothesis of normal distribution is 
rejected for all three EVC_INDEX variables.  

 
Confronted with this issue I surveyed the literature on how important the normality 

assumption is for rmANOVA. I found that regression models like rmANOVA may in fact be 
rather robust to violations of the normality assumption (e.g. Schmider et al., 2010; Blanca et 
al., 2017). Blanca et al reviews previous literature indicating that effects of moderate non-
normality are of little concern if sample sizes are large and equal, and if their distributional 
form is comparable. Here, the sample sizes are similar, as is their distribution shape (Figure 
10.6.1.2.1). Instead, the potential issue is the unavailable definition of the term ‘moderate 
deviation’ as skewness values for my variables exceed 1. For data with severe deviation, Blanca 
et al still find the F-test to be robust under the Bradley criterion (1978) in 100% of cases. 
According to this criterion, “a statistical test is considered robust if the empirical Type 1 error 
rate is between .025 and .075 for a nominal alpha level of .05” (Blanca et al., 2017, p.553). The 
results of Blanca et al are valid under the assumption of variance homogeneity.  
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27 – Figure 10.6.1.2.1: Histograms for EVC_INDEX variables 

 
 

Consequently, I tested this assumption with Levene’s test for equality of variances 
(henceforth Levene test) in SPSS for EVC_INDEX (p < .001). The null hypothesis of 
homogeneous variances was thus rejected. If I insist on using an ANOVA approach to compare 
with the Friedman results, I could post-hoc consider the Welch-ANOVA, which does not 
assume variance homogeneity. I performed the Welch-ANOVA, which rejected the null 
hypothesis that means of EVC_INDEX variables are equal, F(2, 123) = 4.96, p = .008. To detect 
which values caused the result, I performed multiple comparison analysis with Bonferroni93, 
Dunnett T3 and Games-Howell. The p-values were the following: Bonferroni 1st-2nd .38, 1st-3rd 
.011* and 2nd-3rd .51; Dunnett T3 1st-2nd .24, 1st-3rd .011* and 2nd-3rd .55; Games-Howell 1st-2nd 
.20, 1st-3rd .010* and 2nd-3rd .46. Thus, all tests find significant differences at least at the 95%-
level between EVC_INDEX_1st and EVC_INDEX_3rd. 

 
In conclusion, results on presentation-order effects suggest that the effort DMs exert on 

choice tasks decreases over time. This emphasises the need for a counterbalancing procedure 
on presentation order. Also, from the effort-accuracy viewpoint we expect the use of less 
sophisticated decision strategies with increasing presentation order. The EVC variables 
changed accordingly. While overall focus on extreme values did not vary significantly, the 
consideration of maxima and minima became more unbalanced over time, which was proposed 
as a sign of inferior choice behaviour. Consequently, the results are consistent with my 
considerations. The Study 1 context does not evaluate changes of information-processing 
behaviour over time, but due to complexity variations and prescriptive intervention. For both 

 
93  I used Bonferroni because it is a common test, even though, in theory, it assumes variance homogeneity. For 
this reason, I combined it with Dunnett T3 and Games-Howell. 
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factors I developed hypotheses based on literature, which suggest the use of more sophisticated 
choice approaches if accuracy is paramount. Accuracy goals are incentivised via a performance-
dependent reimbursement scheme (Bonner & Sprinkle, 2002). Therefore, the hypothesised 
effect on EVC variables due to complexity and intervention (Table 10.4.1.2) is in the opposing 
direction as the above-analysed presentation-order effects.  

 
 

10.6.1.3 Overall Effects based on between-subjects Analysis 
 

I now turn to the analysis of overall effects on information-processing variables and 
attribute range sensitivity due to the changes in contextual complexity and the prescriptive 
intervention. Hypotheses can be found in Table 10.4.1.2. Table 10.6.1.3.1 displays the values 
for each CP. Below, I will discuss results with respect to different variable categories. All SPSS 
output is provided in APPENDICES. 

 
 

10.6.1.3.1 COMPLEXITY AND OVERALL PROCESSING EFFORT 
  

The level of contextual complexity increases from CP1-CP4 (Section 8.2). Without 
counterbalancing presentation order during the pilot, I found a decrease in effort for ACQ and 
TIME without clear effect on HOLISTIC (Table 9.4.1.1). In the main study, with 
counterbalancing and financial compensation, ACQ increases until the intervention stage from 
41 to 45. TIME decreases in general but especially for CP4. The overall trend for HOLISTIC 
is unclear, but there occurs a drop for CP4. The magnitude of values for TIME and HOLISTIC 
is slightly higher in the main study.  

 
Hypotheses 1.1 and 1.2 expect an increase on all three variables. For TIME and 

HOLISTIC the conclusion is immediate that no support is given by Table 10.6.1.3.1. The reason 
is low values for CP4. Next, I evaluate the change on ACQ for statistical significance. 
Histograms in Figure 10.6.1.3.1 are all positively skewed. Analysis via Shapiro-Wilk (all p < 
.001) rejects the null hypothesis of normality for all ACQ variables. However, because sample 
size is large and similar across problems, as is the distribution shape, rmANOVA is applicable 
based on Blanca et al (2017) if variances are homogeneous. Levene test (p = .23) fails to reject 
the null hypothesis of homogeneous variances. During the rmANOVA procedure, however, 
Mauchly’s test of sphericity (henceforth Mauchly’s test) indicates a significant effect, χ2(5) = 
19.83, p = .001. Thus, the assumption of sphericity is violated. ε > .75 in the SPSS output, 
therefore I adjust the results by considering the Huynh-Feldt correction for the within-subjects 
effect94. Consequently, the null hypothesis of ACQ variables having equal means cannot be 
rejected, F(2.67, 189.37) = 1.61, p = .19. There is no significant change in ACQ from CP1-CP4.  

 
 

 

 
94  https://www.discoveringstatistics.com/repository/repeatedmeasures.pdf. According to Professor Field, the 
appropriate adjustment for ε < .75 would be the Greenhouse-Geisser correction. 
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 CP1 CP2 CP3 CP4 

 
I     n     t     e     r     v     e     n     t     i     o     n 

   

CP5 

 
ACQ [freq.] 

 

41.78 
(n=79; min 2; 
max 160; sd 

26.87) 

41.44  
(n=85; min 2; 
max 187; sd 

30.30) 

42.78  
(n=83; min 
1; max 155; 

sd 28.16) 

45.33 
(n=81; min 2; 
max 165; sd 

34.91) 

61.81 
(n=84; min 1; 
max 277; sd 

50.22) 

 
TIME [sec.] 

 

61.27 
(n=79; min 
12.38; max 
169.59; sd 

35.58) 

56.22  
(n=85; min 
11.87; max 
184.82; sd 

30.04) 

59.71 
(n=83; min 
15.94; max 
186.49; sd 

35.17) 

46.46 
(n=81; min 
11.62; max 
166.11; sd 

30.98) 

65.25 
(n=84; min 
11.71; max 
229.66; sd 

42.42) 
 

HOLISTIC 
[%] 

82.28 
(n=79; min 0; 
max 100; sd 

23.19) 

80.94 
(n=85; min 7; 
max 100; sd 

23.73) 

84.82 
(n=83; min 
0; max 100; 

sd 21.90) 

78.19 
(n=81; min 7; 
max 100; sd 

25.45) 

84.37 
(n=84; min 0; 

max 1; sd 
21.32) 

 
PATTERN 

 

0.036 
(n=78; min  

-.875; max 1; 
sd .453) 

0.017 
(n=85; min -1; 

max 1; sd 
.487)  

-0.006 
(n=82; min  

-1; max 1; sd 
.405) 

0.066 
(n=81; min -1; 

max 1; sd 
.456) 

-0.255 
(n=83; min -

.882; max .889; 
sd .348) 

 
SD_F_ATT 

 
SD_T_ATT 

 

.113  
(n=78; min 0; 
max .32; sd 

.082)  

.133 
(n=85; min 0; 
max .58; sd 

.105) 

.110 
(n=82; min 
0; max .31; 

sd .068) 

.131 
(n=81; min 0; 
max .59; sd 

.117) 

.141 
(n=83; min .02; 

max .48; sd 
.092) 

.141 .155 .130 .156 .150 

 
SD_F_ALT 

 
SD_T_ALT 

 

.150  
(n=79; min 
.042; max 

.45; sd .091) 

.141  
(n=85; min 

.027; max .45; 
sd .088) 

.130  
(n=83; min 
.034; max 

.45; sd .078) 

.153 
(n=81; min 

.018; max .45; 
sd .094) 

.125 
(n=84; min 

.031; max .45; 
sd .071) 

.169 .168 .154 .167 .140 

 
R_F_ATT 

 
R_T_ATT 

 

.157  
(n=74; min  
-.98; max 1; 

sd .718) 

.133  
(n=83; min -1; 

max 1; sd 
.706)  

.175 
(n=81; min  

-1; max 1; sd 
.700) 

.180 
(n=78; min -1; 

max .99; sd 
.715)  

.246 
(n=83; min  

-1; max 1; sd 
.703) 

.091 .159 .150 .182 .264 

 
RSI 

 
n/a n/a 

.142 
(n=84; min  
-22.65; max 
4.97; sd 2.8) 

.826 
(n=84; min  
-6.94; max 

29.45; sd 3.5)  

1.54 
(n=84; min  
-10.43; max 

84.72; sd 9.4) 
 

DAVG 
 

n/a n/a 
.142 

(n=86; min 
.013; max 

.33; sd .053) 

.144 
(n=86; min 

.017; max .49; 
sd .070) 

.150 
(n=86; min 

.014; max .65; 
sd .088) 

 
DNO 

 
n/a n/a 

1.65 
(n=84; min 
.33; 23.65; 

sd 2.71) 

1.82 
(n=84; min 
.22; max 

29.61; sd 3.38) 

2.64 
(n=84; min .12; 
max 87.68; sd 

9.55) 
 

EVC_% 
[%] 

33.67 
(n=79; min 0; 
max 76.9; sd 

10.69)  

36.03 
(n=85; min 0; 
max 61.8; sd 

9.32) 

35.08 
(n=83; min 

0; max 59.1; 
sd 9.52) 

35.47 
(n=81; min 0; 
max 63.6; sd 

10.78) 

37.94 
(n=84; min 0; 
max 59.6; sd 

9.95) 
 

EVC_INDEX 
 

.227 
(n=70; min  
0; max 1; sd 

.198) 

.223  
(n=70; min 0; 
max .867; sd 

.212) 

.174 
(n=72; min 
0; max 1; sd 

.172) 

.233 
(n=65; min 0; 

max 1; sd 
.211) 

.160 
(n=75; min 0; 
max .667; sd 

.148) 
 

VALUE 
[%] 

90.91 
(n=79; min 
54.0; max 

100; sd 11.1) 

89.99  
(n=85; min 

40.7; max 100; 
sd 11.3) 

90.98 
(n=83; min 
54.0; max 

100; sd 12.4) 

80.00 
(n=81; min 

18.0; max 100; 
sd 19.5) 

78.66 
(n=84; min 

20.9; max 100; 
sd 19.6) 

42 – Table 10.6.1.3.1: Study 1 between-subjects results 

Variables 
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28 – Figure 10.6.1.3.1: Histograms for ACQ variables 

 
 
The data suggests no effect between complexity and overall processing effort. 

Hypotheses 1.1 and 1.2 are rejected. For TIME and HOLISTIC, values for CP4 were 
suspiciously low. I believe there to be a connection with the fact that CP4 and CP5 cannot be 
part of the counterbalancing scheme. They are used to test the efficiency of the intervention 
stage, so their location must remain fixed. Section 10.6.1.2 showed, however, that presentation 
order matters. Overall processing effort decreases over time. Thus, the effect of presentation 
order may interfere with the effects from increasing complexity as both predict changes for 
ACQ, TIME and HOLISTIC in opposing directions. Hypothesis 1.3 will be tested later.  

 

 

10.6.1.3.2 COMPLEXITY AND SELECTIVITY OF PROCESSING 

 
 Selectivity of information-processing behaviour is evaluated via SD and R variables. 
Like in the pilot, variables based on time measures tend to indicate slightly higher values in 
Table 10.6.1.3.1. Hypotheses 2.1 and 2.3 state that with increasing complexity from CP1-CP4 
we expect a decrease for all SD and R values. Table 10.6.1.3.1 does not support this trend for 
SD_ATT. There is a decrease from CP2-CP3 but increases for CP1-CP2 and CP3-CP4. For 
SD_ALT, this might be different. From CP1-CP3, values for SD_F_ALT and SD_T_ALT drop 
consistently. Only for CP4 SD_ALT does not support my prediction. However, with the 
previous discussion about potential interference of presentation order and complexity effects 
for CP4 in mind, I am aware that information-processing becomes increasingly selective over 
time (Section 10.6.1.2). The result in Table 10.6.1.3.1 for CP4 may be caused by this interplay 
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of effects. Therefore, I will statistically test the SD_F_ALT decrease from CP1-CP3. Section 
9.4.1 suggested that the range manipulation before CP3 may contribute severely to perceived 
complexity. 
 
 The appropriate test due to the large sample size and the three within-subject factors is 
rmANOVA. Mauchly’s test validates the assumption of variance homogeneity (p = .21). The 
main effect of complexity is significant at the 90%-level, F(2, 150) = 2.35, p = .099. The partial 
eta squared is .03. Thus, 3% of the dependent variable’s variance is explained by complexity, 
overall a weak effect95. None of the pairwise comparisons between SD_F_ALT variables from 
CP1 to CP3 is significant at the 95%-level. However, the difference between CP1 and CP3 
comes close, p = .057. Overall, at the 90% significance level, I find a significant but weak effect 
of complexity on SD_F_ALT between CP1 and CP3. The effect might be bigger for CP4, 
however due to the structure of the experiment I cannot isolate it from other opposing influences 
such as presentation-order effects. For SD_T_ALT, the effect is insignificant (sphericity: p 
= .12, n.s.; main effect of complexity: F(2, 150) = 1.57, p = .21) and thus not further discussed.  
 
 Values for R variables increase in Table 10.6.1.3.1, contrary to my expectation. This 
prediction was based on Rieskamp & Hoffrage (2008) who calculated R from .44 to .63 for 
WADD and between .69 and .73 for LEX strategies. Consequently, I assumed the expected 
shift towards sophisticated strategies in increasingly complex contexts would induce a decrease 
in R. However, in my experiment the values for R during the pilot (range: -.30; .12) and the 
main study (range: .09; .18) are considerably lower than for Rieskamp & Hoffrage. 
Consequently, I consider the increase in Table 10.6.1.3.1, towards the WADD range, a sign of 
improvement even though I must reject Hypothesis 2.3. Note that R_ATT did not display a 
trend during Section 10.6.1.2, thus any variation should be attributable to complexity. 
According to rmANOVA, the increase for neither R_F_ATT (sphericity: p = .14, n.s.; main 
effect of complexity: F(3, 186) = .38, p = .77), nor R_T_ATT (sphericity: p = .83, n.s.; main 
effect of complexity: F(3, 210) = .32, p = .81), is statistically significant, however. 
 
 Based on the above analysis, I conclude that complexity did not influence SD_ATT and 
R variables. Consequently, Hypotheses 2.1 and 2.3 are rejected. For SD_ALT, there was a weak 
influence. Between CP1-CP3, SD_ALT values decreased, which indicates more consistent 
information-processing behaviour across alternatives. The effect does not transfer to CP4, 
which might be caused by interference with presentation-order effects. This explanation 
assumes that differences in complexity were identified by participants. As discussed in Section 
8.2, the structural changes which increased complexity are not necessarily obvious to detect. 
 
 
 
 

 
95 According to Cohen (1988, 1992) this is a weak effect 𝑓𝑓 because 𝑓𝑓=� .030

(1−.030)
= .179. If 0.1≤ 𝑓𝑓<0.25 is satisfied, 

the effect is considered weak. In between 0.25 and 0.4 it is medium and if 𝑓𝑓>0.4 the effect is strong. 
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10.6.1.3.3 COMPLEXITY AND TRANSITIONING BEHAVIOUR 
 
Hypothesis 3.1 states that with increasing complexity PATTERN will indicate more 

alternative-based transitioning behaviour. Thus, I expected its value to get closer to +1. 
According to Table 10.6.1.3.1, however, between CP1-CP4, values for PATTERN remained 
close together at around 0. This magnitude is comparable to the pilot. Statistical analysis with 
rmANOVA found no significant influence from complexity (sphericity: p = .43, n.s.; main 
effect of complexity: F(3, 210) = .30, p = .82). Presentation order had no effect either on 
PATTERN (Section 10.6.1.2). Thus, I reject Hypothesis 3.1. 

 
 

10.6.1.3.4 COMPLEXITY AND EXTREME VALUE CONSIDERATION 
 
Here I will focus on EVC variables. Other MRTC variables, such as the ones measuring 

range sensitivity will be covered in their own section later. Previously, I found that deviation 
of EVC_INDEX scores to 0 increase over time if presentation order is not counterbalanced 
(Section 10.6.1.2.). This may explain the observed trend during the pilot (Table 9.4.1.1). The 
pilot finding was mysterious to me; thus, I did not propose a hypothesis for EVC_INDEX. 
However, being consistent with my expectation of more sophisticated choice strategies with 
increasing complexity, the deviation of EVC_INDEX from 0 should decrease from CP1-CP396. 
For EVC_%, I observed no effects in neither Section 9.4.1, nor Section 10.6.1.2. 

 
I consider only values from CP1-CP3, as results for CP4 may be caused by presentation-

order effects. Table 10.6.1.3.1 shows an increase in EVC_% and decrease for EVC_INDEX. 
The magnitudes are in comparable range to the pilot. Next, I test for statistical significance with 
rmANOVA. For both variables, EVC_% (sphericity: p = .39, n.s.; main effect of complexity: 
F(2, 150) = 1.65, p = .20) and EVC_INDEX (sphericity: p = .20, n.s.; main effect of complexity: 
F(2, 102) = 1.42, p = .25), the results are not statistically significant at the 95%-level. Therefore, 
complexity had no measurable effect on EVC variables. 

  
Hypothesis 4.3 predicted that during the unassisted part of the experiment, EVC_% 

would be below the 35% benchmark. The benchmark is supposed to represent random 
acquisitions of alternative-attribute information from the matrix. EVC_% may increase with 
complexity but should not drop. That values did indeed not decrease was statistically confirmed 
above. Table 10.6.1.3.1 suggests that EVC_% values were roughly at benchmark level 
throughout CP1-CP4 but not below. Consequently, Hypothesis 4.3 is partially supported. 

 
 
 
 
 

 
96 CP1 to CP3 are the choice tasks, which were counterbalanced. Thus, presentation-order effects were mitigated.  
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10.6.1.3.5 COMPLEXITY AND VALUE MODEL CONSISTENCY 

 
 Lastly, I analyse the influence of complexity on value model consistency. Magnitudes 
for VALUE, with scores around 90% in CP1-CP3, are even higher than during the pilot (Section 
9.4.1). Hypothesis 5.1 suggests that with increasing complexity from CP1-CP4, VALUE will 
decrease. Visually this expected trend is only observable for CP4 when VALUE drops from 
90.98% to 80.00%. Because it is CP4, the first suspicion is to consider presentation-order 
influences. In Section 10.6.1.2, the main effect of presentation order for VALUE was not 
significant, however (p = .61). Consequently, effects must be caused by complexity.  
 

I undertook statistical analysis with rmANOVA since we still deal with a paired sample 
of considerable size and more than two groups. Mauchly’s test rejects the null hypothesis, χ2(5) 
= 30.91, p < .001, thus we cannot assume variance homogeneity. Particularly, the standard 
deviation for CP4-VALUE is larger (Table 10.6.1.3). ε > .75, thus I adjust results by considering 
Huynh-Feldt correction in SPSS. Huynh-Feldt signals a significant main effect for complexity, 
F(2.37, 168.55) = 13.67, p < .001.  More than 16% of the change in VALUE can be explained 
by complexity. According to Cohen (1988, 1992) this is a strong effect as f > 0.4 with a value 
of 0.438. Pairwise comparisons indicate significantly lower VALUE for CP4 compared to other 
groups (all p ≤ .001). Thus, complexity has a strong significant influence on VALUE. 
Hypothesis 5.1 is supported, but only for CP4, which is the most complex choice context. 
 
 Overall, the influence of complexity in the unassisted part of Study 1 on information-
processing variables can be summarised as follows: There was no influence on overall 
processing effort. For selectivity of processing, only the SD_F_ALT showed weak effects that 
indicate slightly more consistent choice behaviour in more complicated choice scenarios. For 
transitioning behaviour and extreme value consideration I found no significant effects. Only for 
value model consistency, a strong significant effect on VALUE was observed. VALUE 
decreased for the most complex CP4. I believe that some results for complexity are affected by 
potential interference with presentation-order effects (Section 10.6.1.2). Thus, especially the 
fixed location of CP4 mitigates the expressiveness of the above analysis regarding complexity. 
Next, I will evaluate the effect of the prescriptive intervention stage. There, I assume 
presentation order not to exert influence as pre- and post-intervention CPs are encountered last.  
 
 

10.6.1.3.6 INTERVENTION AND OVERALL PROCESSING EFFORT 

 
 First, I assess influence of the video intervention on overall processing effort. In the 
pilot, values for ACQ, TIME and HOLISTIC did not change significantly post-intervention 
(Table 9.4.1.1). Table 10.6.1.3.1 shows a trend for the main study, however. Values for all 
variables increase in CP5. Note that for assessing the intervention, the number of ‘groups’ for 
statistical analysis is two since it consists of CP4 and CP5. The sample is still matched. 
Therefore, the appropriate test is either paired T-Test (parametric) or Wilcoxon signed-rank test 
(henceforth Wilcoxon test) as non-parametric alternative. I first performed Wilcoxon on ACQ, 
TIME and HOLISTIC because it does not require to ensure normality. Test statistics for 
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Wilcoxon test follow Z-distribution. Therefore, for 95% significance level a Z-value beyond 
±1.96 is required. For ACQ, the resulting test statistic is Z = -3.33, p = .001, r = .37, medium 
effect of ‘intervention’97, for TIME the statistic is Z = -4.84, p < .001, r = .54, strong effect, and 
for HOLISTIC Z = -1.79, p = .07, r = .20, weak effect. All Wilcoxon test p-values in SPSS are 
2-tailed98. Consequently, only the result for HOLISTIC is statistically not significant at the 
95%-level unless we test a directed hypothesis. The values for ACQ and TIME increased 
significantly post-intervention independent of this consideration.  

 
For HOLISTIC, I considered application of a parametric test, where statistical power 

will be stronger. I performed paired T-test to compare with Wilcoxon results since sample sizes 
are large. Again, results for ACQ and TIME were significant with t = -3.67, p < .001, d = .4199, 
weak effect of ‘intervention’, and t = -5.26, p < .001, d = .59, medium effect, respectively. For 
HOLISTIC, the test statistic equals t = -1.89, p = .062, d = .21, weak effect, which fails to reject 
the null hypothesis of equal means at the 95% significance level. A directed hypothesis for 
HOLISTIC values such as that they increase after the intervention, however, would be 
supported (p = .031). Overall, the results indicate an effect from the prescriptive intervention 
on overall processing effort. The direction of change points at the exertion of additional 
cognitive resources after the intervention. More cell information was acquired, and participants 
took longer to process it. These are characteristics that relate to sophisticated choice strategies. 
Compared to the pilot, the results suggest that accuracy goals (e.g. due to financial incentives, 
Yang et al., 2018) impacted choice approaches in the main study. 

 
 

10.6.1.3.7 INTERVENTION AND SELECTIVITY OF PROCESSING 

 
 For the interplay between video intervention and selectivity of processing I developed 
Hypothesis 2.2. It proposes that SD_ALT will decrease post-intervention. Because the video 
emphasises attribute weight information, the impact on SD_ATT variables is unclear, however. 
During the pilot, SD_ATT had increased after the video, while SD_ALT had remained almost 
unchanged. However, due to the reimbursement participants might be more responsive to the 
video this time. In Table 10.6.1.3.1 values for SD_F_ALT and SD_T_ALT both dropped for 
CP5. For SD_ATT variables the change was unclear100.  

 
97 For Wilcoxon test, the effect size r is considered small if 0.1 ≤ r < 0.3, medium if 0.3 ≤ r < 0.5, and large if r ≥ 
0.5 according to Cohen (1992). The effect size is calculated using the formula r = 𝑎𝑎𝑎𝑎𝑎𝑎.𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑜𝑜𝑜𝑜 𝑍𝑍

√𝑎𝑎
. For ACQ, r = 3.330

√80
 

= 0.372. Thus, effect size of ‘intervention’ is medium. 
98  A 2-tailed significance test allots half of the chosen significance level α to either end of the probability 
distribution. Therefore, the null hypothesis in 2-tailed tests is that means of the considered groups are equal. 
Statistical analysis then investigates deviations on either end of the distribution. Alternatively, if there exist 
presumed effects in one direction, such as that the mean value of a variable increases after an intervention stage, 
we deal with a directed hypothesis. To test a directed hypothesis a 1-tailed test is used, which allots the whole 
significance level α to one end of the probability distribution. If you have a 1-tailed hypothesis but the 
corresponding SPSS output is 2-tailed, you can convert the result to your needs by halving the 2-tailed p-value. 
99 For paired T-test, the effect size can be evaluated using Cohen’s d (Cohen, 1988). The effect size d is calculated 
using the formula d = 𝑎𝑎𝑎𝑎𝑎𝑎.𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑜𝑜𝑜𝑜 𝑚𝑚𝑎𝑎𝑎𝑎𝑎𝑎 𝑑𝑑𝑖𝑖𝑜𝑜𝑜𝑜𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑑𝑑𝑎𝑎 

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑑𝑑𝑎𝑎𝑎𝑎𝑑𝑑 𝑑𝑑𝑎𝑎𝑎𝑎𝑖𝑖𝑎𝑎𝑎𝑎𝑖𝑖𝑜𝑜𝑎𝑎
. For ACQ, d =  16.69

40.69
 = .410. d is considered small if 0.2 ≤ d < 0.5, 

medium if 0.5 ≤ d < 0.8, and large if d ≥ 0.8. 
100 The value for SD_F_ATT increased, while for SD_T_ATT it decreased slightly.  
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I start analysis with the Wilcoxon test. Three of the four variable pairs, SD_F_ATT (Z 
= -2.01, p = .045, r = .23, weak effect of ‘intervention’), SD_F_ALT (Z = -2.10, p = .036, r = 
.23, weak effect) and SD_T_ALT (Z = -2.11, p = .035, r = .24, weak effect), achieve significant 
results at the 95%-level. I next considered application of paired T-test to double check. To 
validate its normality requirement proved problematic, however, because Kolmogorov-
Smirnov and Shapiro-Wilk for all the above variables turned out significant. Therefore, I 
consulted the literature on the normality assumption with particular focus on the T-test. On this 
matter, Lumley et al (2002, p.151) argue that “it is widely but incorrectly believed that the t-
test and linear regression are valid only for Normally distributed outcomes”. In their paper they 
demonstrate this claim via simulations on extremely non-Normal data (one example has 
skewness of 8.8 and kurtosis of 131). Even for this scenario, they find that sample sizes as low 
as 65 may be sufficient to employ T-test (ibid., p.157). In conclusion they propose that “the t-
test and least-squares linear regression do not require any assumption of Normal distribution in 
sufficiently large samples. Previous simulation studies show that ‘sufficiently large’ is often 
under 100” (ibid., p.166). 

 
Paired data samples for the above variables are at least of size 79. Thus, I regarded it 

appropriate to perform paired T-test. All p-values are 2-tailed. Note that due to the datapoints 
being paired, the mean differences, which are being tested, do not precisely represent the figures 
from Table 10.6.1.3.1. The T-test results indicate that SD_ALT variables significantly 
decreased post-intervention at the 99%-level: SD_F_ALT displayed t = 2.64, p = .010, d = .30, 
weak effect of ‘intervention’, and for SD_T_ALT the statistic equalled t = 2.50, p = .015, d = 
.28, weak effect. Thus, participants processed more consistently across alternatives after 
watching the video. T-test p-values for SD_ATT were higher than for Wilcoxon and thus 
insignificant. Hypothesis 2.2 is confirmed. 

 
 The remaining selectivity variable to evaluate is R_ATT. During the pilot, R values had 
slightly increased to a level just above 0 post-intervention. This result indicated an inefficient 
utilisation of cognitive resources as discussed in Section 9.4.1. In the main study, the 
magnitudes for R were considerably higher throughout the experiment, but not near the levels 
reported by Rieskamp & Hoffrage (2008). For CP5, R_ATT increased and got closer to the 
’WADD region’ of .44 (ibid.). Therefore, if the increase is statistically significant, it would 
indicate more sophisticated choice behaviour post-intervention. However, statistical analysis 
with Wilcoxon and T-test failed to detect significance for R_ATT. Despite the fact that the 
change looks visually convincing, p-values for R_F_ATT (Wilcoxon: Z = -1.04, p = .30; T-
test: t = -.99, p = .33) and R_T_ATT (Wilcoxon: Z = -1.17, p = .24; T-test: t = -.84, p = .41) are 
not close to the 95% significance level threshold. Note that the standard deviations are large 
(Table 10.6.1.3.1) given the possible -1 to +1 range for R variables. 
 
 In conclusion, regarding the influence of the prescriptive intervention on selectivity of 
processing, I find that participants processed alternative information more consistently after the 
video, while the change for SD_ATT was not significant in the paired T-test. Hypothesis 2.2 is 
confirmed. For R variables, I find no significant increase post-intervention, but the general 
magnitude of values is considerably better than during the pilot study. 
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10.6.1.3.8 INTERVENTION AND TRANSITIONING BEHAVIOUR 

 
 To test the influence of the intervention on transitioning behaviour no hypothesis was 
formed in Section 10.4.1. The reason is that the change will depend on subject’s adaptivity, and 
there is no clear prediction possible. The video emphasises attribute information, thus one may 
argue for more attribute-based processing post-intervention, while the utilisation of more 
sophisticated choice strategies would be connected to alternative-based processing. Thus, there 
exist opposing forces on PATTERN. During the pilot, the resulting trend had been towards 
attribute-based processing, and according to Table 10.6.1.3. it appears the same case for the 
main study. In CP5, PATTERN changed from 0.066 to -0.255. Statistical analysis via Wilcoxon 
results in Z = -4.72, p < .001, r = .53, strong effect of ‘intervention’, indicating a significant 
change at the 99%-level. This is a clear result, so I did not perform paired T-test anymore. After 
the video, participants processed information in more attribute-wise manner. The effect size of 
intervention is strong. 
 
 This is the first finding during this analysis that appears inconsistent with the picture so 
far. Results for overall processing effort and selectivity indicated use of more sophisticated 
choice approaches post-intervention. For transitioning behaviour, this is not likewise. Potential 
explanations for a general trend towards attribute-wise scores in Study 1, which I discussed 
previously, do not matter here because the choice structure remains identical after the 
intervention stage. The observed change in CP5 is caused through the intervention stage.  
 
 

10.6.1.3.9 INTERVENTION AND EXTREME VALUE CONSIDERATION 
 
 Next, I test EVC variables for changes post-intervention, specifically Hypotheses 4.4 
and 4.5 from Table 10.4.1.2. The change for EVC_% is distinct, but smaller than during the 
pilot study. For EVC_INDEX, values are in a similar range to the pilot. Post-intervention 
EVC_INDEX scores decrease. Thus, observed changes are in the proposed directions but need 
to be tested for statistical significance.  
 
29 – Figure 10.6.1.3.2: Histograms for EVC_% variables 

 
  

First, I evaluate EVC_%. I begin by assessing the change between CP4-CP5 via 
Wilcoxon test. The result is significant on the 95%-level, Z = -2.21, p = .027, r = .25, weak 
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effect of ‘intervention’. To double-check I considered application of a parametric test. 
Histograms for CP4-EVC_% and CP5-EVC_% are displayed in Figure 10.6.1.3.2. Both are 
somewhat skewed negatively and with high kurtosis (up to +3.24), but overall follow a normal-
distributional shape. However, Shapiro-Wilk returns significant in both cases (CP4: p < .001; 
CP5: p = .011). Thus, the subsequent application of T-test is based on the analysis of Lumley 
et al (2002), which I reviewed above. Paired T-test for EVC_% with sample size 80 results in 
t = -2.18, p = .032, d = .24, weak effect, which is also significant at the 95%-level. Thus, EVC_% 
increases between CP4-CP5. The null hypothesis of equal means is rejected. 
 

However, Hypothesis 4.4 only proposed the post-intervention EVC_% to be different 
from the 35% random-search benchmark. Because CP4-EVC_% > .35, according to Table 
10.6.1.3.1, the actual significance level is even higher. For this reason, I used one-sample T-
test with CP5-EVC_% dataset (n=84) to compare against the 35% benchmark. The 
corresponding t = 2.71, p = .008, d = .297 101 , weak effect of ‘intervention’, indicates a 
significant difference between the CP5-EVC_% mean and the random-search benchmark of 35% 
on the 99%-level. Consequently, Hypothesis 4.4 is supported. 

 
30 – Figure 10.6.1.3.3: Histograms for EVC_INDEX with total and absolute values 

 

 
 

The histograms in Figure 10.6.1.3.3 present normal-distributional shapes for 
EVC_INDEX with moderate kurtosis (up to +.81) for total values. However, the bottom figures, 
which depict absolute values do not appear normally distributed. The issue is that to enable 
meaningful interpretation of results, I must focus on absolute values, so scores cannot equal out. 
Kolmogorov-Smirnov and Shapiro-Wilk tests are only not significant for total EVC_INDEX 

 
101 For one-sample T-test, the effect size via Cohen’s d is calculated the following way (Cohen, 1988): d = 𝑂𝑂

√𝑎𝑎
 ; d 

is considered small if 0.2 ≤ d < 0.5, medium if 0.5 ≤ d < 0.8, and large if d ≥ 0.8 
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values at the 95%-level. For absolute values, all normality tests result in p < .001. Therefore, 
application of T-test is inappropriate for absolute values.  

 
Assumption verification is important here because due to the 6-EVC-acquisition 

minimum for calculation of EVC_INDEX scores, the paired sample for EVC_INDEX consists 
of only 62 data points. Thus, it is considerably smaller than for other variables and below the 
stated benchmark of 65 by Lumley et al (2002). Therefore, I performed Wilcoxon for absolute 
EVC_INDEX values. The corresponding test statistic, Z = -1.38, p = .168, r = .18, weak effect 
of ‘intervention’, is only significant at the 90%-level for a directed hypothesis like Hypothesis 
4.5. Thus, the null hypothesis of equal means cannot be rejected at the 95%-level. There is 
marginal support for Hypothesis 4.5. However, note that Section 10.6.1.2 proved an effect of 
presentation order on EVC_INDEX. CPs encountered later in the experiment had higher 
EVC_INDEX scores, the opposing direction of the hypothesised intervention effect. Therefore, 
the actual effect of the prescriptive intervention on EVC_INDEX should be stronger. 

 
 

10.6.1.3.10 INTERVENTION AND VALUE MODEL CONSISTENCY 
 
 Hypothesis 5.2 declares that the prescriptive intervention will lead to higher VALUE 
for CP5. In the pilot, a small improvement was reported. For the main study, the proposition 
appears reasonable given the positive effects on information-processing behaviour that were 
identified so far during this analysis. I argued previously that good processes often lead to good 
results (Chapter 5). Nevertheless, Table 10.6.1.3.1 reports a decrease in VALUE for CP5. This 
finding is unexpected and does not support Hypothesis 5.2. 
 
 I test next if the observed decrease is statistically significant at the 95%-level with 
Wilcoxon. The corresponding test statistic, Z = -.97, p = .33, indicates no significance. Thus, 
the null hypothesis of equal VALUE means pre- and post-intervention cannot be rejected. 
However, Hypothesis 5.2 is not supported either. This is surprising based on my previous 
findings, which mostly indicated improved choice approaches post-intervention. There are 
several possible explanations: Firstly, improvements on the choice process do not correlate to 
increased value model consistency. In other words, process- and outcome-measures are not 
consistent with each other. This viewpoint is not shared by many researchers according to my 
literature review (e.g. Chapters 5 & 6). Secondly, while people on average improved, there may 
be participants that ‘got hurt by the intervention’ and subsequently influenced the overall 
average. In the within-subjects analysis of the pilot study, I identified several such cases 
(Section 9.4.2). For the main study, I will further investigate this with regards to utilisation of 
specific decision strategies types and strategy-switching behaviour in Section 10.6.1.4. I 
proposed previously that level of strategy execution should matter just as much, if not more, 
than which type of choice strategy is employed.  
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10.6.1.3.11 ATTRIBUTE RANGE SENSITIVITY 
 
 Next, I discuss the range-sensitivity of participants with respect to the attribute range 
manipulation before CP3. I combine the classic RSI measure and the average deviation between 
elicited and normatively expected weights (DAVG) with a new variable called ‘distance to 
normative optimum’ (DNO). The additional variable averages the distance to the normatively 
expected value. The distance is the deviation not in terms of attribute weight like DAVG, but 
to the optimal RSI (Section 10.4.1). DNO considers that the RSI alone seems inappropriate if 
several attribute ranges are manipulated simultaneously due to cancel-out effects. 
 
 Hypotheses 4.1 and 4.2 propose that participants will fail to adjust attribute weights 
correctly in CP3 and CP4 but will have improved scores post-intervention. During the pilot, 
both hypotheses were supported by trends in the data. In Table 10.6.1.3.1, due to financial 
compensation, I expected even better scores for range-sensitivity pre- and post-intervention. 
Therefore, results came unexpected. All corresponding scores in Table 10.6.1.3.1 are outright 
bad and become worse for CP5. While I do not weigh RSI results too heavily due to potential 
cancel-out effects, DNO indicates that participant’s adjustments went farther away from the 
optimum at every condition. All DNO scores are > 1 and for CP5 even > 2. Remember that 
without adjustments DNO equals 1. DAVG reports an average deviation on each attribute 
weight of almost 15 to the normatively required value. This strikes me as a large miss. 
Considering causes for these results, one must interpret the min, max, and standard deviation 
values, which indicate an enormous range on the elicited responses. There are several extreme 
outliers in the data, especially post-intervention. I found RSI scores of 84.72 and DNO scores 
of 87.68 in CP5. Consider that one of these data points alone is capable to increase the average 
by 1. Therefore, with the outliers available, not much valuable information can be interpreted. 
 
 The questions are, therefore, why are these variables so prone to outliers, and how can 
I deal with them? I believe the explanation for the quantity and quality of outliers is that dealing 
with the simultaneous manipulation of three attribute ranges is an extremely demanding task. 
As the literature review showed, even when only one range is manipulated, participants often 
fail to adjust appropriately (Section 4.3). In my scenario the necessary computations are much 
more complex, however. Ranges are adjusted in opposing directions using varying factors. 
Participants often increased weights when they should not have and vice versa. Under the 
impression of the video intervention, participants might have struggled to convert the described 
concepts into action, thus resulting in a particular accumulation of outliers for CP5. Another 
plausible explanation is that the range insensitivity bias is hard to debias and mere awareness 
about how weights should be thought of is insufficient to remove it (Larrick, 2004; Section 
11.4). Nevertheless, even under these challenging conditions, there were some very good 
responses, too. For instance, #86 with CP3-DNO of 1.395, CP4-DNO of .220 and CP5-DNO 
.119 or #22 with CP3-DAVG of .111, CP4-DAVG of .043 and CP5-DAVG of .041.  

 
Consequently, I considered eliminating outliers and re-running analysis as the most 

extreme outliers have non-sensical values. I performed a test-run on a dataset without the five 
largest outliers on DNO. The resulting means were CP3-DNO = 1.136, CP4-DNO = 1.213 and 
CP5-DNO = 1.291. In comparison to Table 10.6.1.3.1, values for CP3-CP5 are much closer 
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together, but the general trend remains. The post-intervention score is the worst, while all values 
exceed 1. I performed Friedman test for paired samples to analyse DNO differences for 
statistical significance. Friedman used 77 matched datapoints with means CP3-DNO = 1.151, 
CP4-DNO = 1.220 and CP5-DNO = 1.222. The test statistic, χ2(2, 77) = .53, p = .77, suggests 
no significant differences across CPs. Next, I repeated the procedure for DAVG. The resulting 
paired sample had a size of 78 with means of CP3-DAVG = .134, CP4-DAVG = .132 and CP5-
DAVG = .130. Thus, without the five most extreme outliers, the CP5 value was, as 
hypothesised, best. The difference is, however, not significant at the 95%-level, χ2(2, 78) = 
1.45, p = .48. 
 

One might continue to eliminate ever more outliers from the data and repeat analysis, 
but I feel that dismissing a substantial amount for the sake of proving my proposition is no 
proper procedure. Overall, it is apparent that people are not range sensitive if unassisted. 
Hypothesis 4.1 is supported. Responses became more extreme post-intervention. The 
intervention had no statistically significant impact on DAVG and DNO if disregarding the five 
worst outliers for every CP on each variable. I reject Hypothesis 4.2. On a case-to-case 
investigation, I found that the intervention helped several participants. Although, as I must 
conclude from the analytical analysis, not everyone. In Section 10.6.1.4, I will investigate for a 
possible connection between impact of the intervention on range-sensitivity and strategy type.     

 
  

10.6.1.3.12 CORRELATION OF TIME AND FREQUENCY DATA 
 
To finalise this section, I test the assumption that conclusions from variables like SD, R 

and ACQ/TIME are independent from if they are calculated based on time or frequency data. 
This is important for Study 2, which will focus on frequency data. Concretely, I test Hypotheses 
1.3 and 2.4. The first pair I evaluate is CP4-ACQ/CP4-TIME and later CP5-ACQ/CP5-TIME. 
They are cardinal variables, and the sample sizes are reasonably large, thus I consider 
computing the Pearson correlation coefficient (henceforth r). I evaluate the datasets via 
boxplots for extreme outliers and measure if a linear relation exists (Figure 10.6.1.3.7). 
According to the boxplot only one extreme outlier is apparent, which is the datapoint of #58 for 
both variables. Therefore, this should not present an issue. Also, a positive linear relation 
between both variables is visible from the scatter plot. Their positive correlation was found to 
be highly significant, r(79) = .85, p < .001. The correlation is strong (Table 4: Asuero et al., 
2006). 

 
The next pair is CP5-ACQ/CP5-TIME. The boxplots in Figure 10.6.1.3.8 show one 

extreme outlier (#58) for CP5-ACQ, but none for CP5-TIME. However, #58 is the largest 
‘normal’ outlier for TIME. The scatter plot displays a positive linear relationship between both 
variables. Thus, I expect no problem for r computation. The resulting positive Pearson 
coefficient is highly significant, r(82) = .86, p < .001. The correlation is strong (Table 4: Asuero 
et al., 2006). Hypothesis 1.3 is supported.  
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31 – Figure 10.6.1.3.7: Boxplots and scatter plots for the CP4-ACQ/CP4-TIME pair 

 

 
  

 
32 – Figure 10.6.1.3.8: Boxplots and scatter plots for the CP5-ACQ/CP5-TIME pair 

 

 
 

Next, I turn to investigate SD and R variables. For the remaining tests I will only provide 
results for the cases where the requirements for r computation are satisfied. The procedure 
remains the same, however. All boxplots and scatter plots are displayed in APPENDIX to this 
section. The frequency-time (F-T) pair for CP1-SD_ATT shows two normal outliers and a 



 224 

positive, linear relationship. The coefficient, r(76) = .79, p < .001, is significant. The F-T pair 
for CP2-SD_ATT displays several outliers, including two extreme ones. However, they are 
consistent across both variables and the scatterplot indicates a positive, linear relationship. 
Pearson correlation test finds a significant result, r(83) = .88, p < .001. Boxplot for CP3-
SD_ATT shows three normal outliers and a positive, linear relationship. Results are significant, 
r(80) = .77, p < .001. The dataset of the F-T pair for CP4-SD_ATT has three extreme outliers, 
which are consistent. The relationship is positive and linear. Pearson correlation coefficient, 
r(79) = .86, p < .001, is significant. For the last CP, the F-T pair has three normal outliers and 
a positive, linear relationship. The resulting correlation is significant, r(81) = .87, p < .001. Thus, 
Hypothesis 2.4 is supported for SD_ATT. All correlations are strong (Table 4: Asuero et al., 
2006). Next, I repeat the procedure for SD_ALT. 
 
 The CP1 F-T pair shows three extreme outliers for CP1-F-SD_ALT. Two of them are 
normal outliers in CP1-T-SD_ALT, one is none. A positive, linear relationship is clear from 
the scatterplot, however. The correlation is significant, r(77) = .89, p < .001. The second F-T 
pair displays two extreme outliers in the F-variable, which are normal in the T-variable, and a 
positive, linear relationship. The Pearson correlation coefficient is significant, r(83) = .90, p < 
.001. For CP3-SD_ALT, again I observe two extreme outliers in the frequency variable that are 
normal for the time variable. Both variables have a positive, linear relationship. Correlation 
results are significant, r(81) = .90, p < .001. The F-T pair for CP4 displays no extreme outliers 
but a positive, linear relationship. The test statistic, r(79) = .93, p < .001, indicates significant 
correlation. Lastly, boxplots for the CP5-SD_ALT F-T pair shows one extreme but consistent 
outlier. The relationship of both variables is positive and linear. Correlation results are 
significant, r(82) = .89, p < .001. Thus, Hypothesis 2.4 is also supported for SD_ALT. All 
correlations are strong or even very strong (Table 4: Asuero et al., 2006). 
 
 The CP1-R_ATT pair shows no outliers in the boxplot. It turns out that this finding is 
valid for all R-ATT F-T pairs. While there are no outliers from the boxplots, the scatterplots 
indicate weaker linear relationships, compared to SD variables above. For CP1, some dots are 
situated in the upper-left and lower-right region but, overall, most are located on an imaginative 
line indicating positive linear relationship. The clearest linear relationship I find for CP4 and 
CP5. More outliers, and thus weaker relationships, are displayed for CP2 and CP3. 
Nevertheless, based on the visual examination no pair violates the assumptions. Thus, I state 
results of the Pearson correlation test below: CP1 – r(72) = .73, p < .001; CP2 – r(81) = .58, p 
< .001; CP3 – r(79) = .57, p < .001; CP4 – r(76) = .75, p < .001; CP5 – r(81) = .74, p < .001. 
All results are consistent with the visual evaluation and highly significant. Correlation scores 
for R_ATT are somewhat weaker than for SD variables. Nevertheless, all relationships are at 
least of moderate strength (Table 4: Asuero et al., 2006). Overall, Hypotheses 1.3 and 2.4 are 
both supported. Consequently, the focus on frequency data in Study 2 should not have impact 
on findings. Next, I will analyse effects based on differences in choice strategy usage. 
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10.6.1.4 Differences in Choice Strategy Type 
 
 First, I evaluate differences in information-processing variables based on choice 
strategy type. In this setting, I distinguish WADD from HEURISTICS (Section 10.5.1.). Later, 
I will further analyse strategy-switching behaviour. Hypotheses 6.1 and 6.2 state that post-
intervention WADD will perform better on MRTC variables, indicating better choice processes, 
and subsequently also attaining higher VALUE. For the unassisted part, I expect similar results 
to the literature stated in Chapter 6. Relatively simple CPs like CP1 may be more efficiently 
approached by HEURISTICS. In more complex problems, theoretically, WADD should have 
the edge due to higher accuracy.  
 
 

10.6.1.4.1 CP-SPECIFIC CHOICE STRATEGY DIFFERENCES 
 

I display results for TIME, HOLISTIC, PATTERN, SD_ATT, SD_ALT, R_ATT, 
EVC_%, EVC_INDEX, VALUE, and if applicable, DAVG and DNO variables in Table 
10.6.1.4.1. RSI has been shown previously to be a problematic measure for interpretation in the 
Study 1 setting. Therefore, I do not include it. Note that some of the variables were used in the 
strategy identification procedure. Thus, it is no surprise that mean values for HOLISTIC and 
SD vary between groups. I included them anyway to evaluate the degree of differences. For 
PATTERN, the trend is not obvious because some HEURISTICS process information 
alternative-wise. Results for TIME, R_ATT, EVC and VALUE variables are unaffected by the 
strategy identification algorithm. Note that values for EVC_INDEX may deviate between Table 
10.6.1.4.1 and the SPSS output in APPENDICES because it did not use absolute values. 
 

In CP1, WADD users took almost half a minute longer to select their preferred 
alternative. HOLISTIC and SD values for WADD users are substantially better in terms of 
sophistication and consistency. HEURISTICS means are around the identification algorithm 
benchmark and therefore at the ceiling of their probable range. For PATTERN, there is not a 
large difference between strategy types. Both PATTERN values are positive, thus it appears 
that many alternative-wise processing HEURISTICS are present. WADD outperforms 
HEURISTICS on EVC, but VALUE indicates a slightly better score for HEURISTICS. This is 
consistent with the pilot analysis (Table 9.4.3.1) and the literature review. HEURISTICS are 
great for simple tasks. Next, I want to statistically test the differences between strategy types 
on TIME, PATTERN, R_ATT, EVC_%, EVC_INDEX and VALUE. For this I created a sub-
database in SPSS that was split according to strategy type. Note that for this analysis, the 
samples are now independent. One person can only be part of either strategy type group. Thus, 
I compare means via independent T-test (grouped either as 0=WADD or 1=HEURISTIC).  
 
 
 
 
 
 
 



 226 

Variables WADD 
 

HEURISTICS 
 

CP1 N = 16 N = 65 
TIME [sec.] 84.43    (n=16; min=27; max=170; sd=43)   55.39    (n=63; min=12; max=128; sd=31) 
HOLISTIC [%] 98.33    (n=16; min=87; max=100; sd=4) 78.20    (n=63; min=0; max=100; sd=24) 
PATTERN .166      (n=16; min=-.22; max=.87; sd=.27) .002      (n=62; min=-.88; max=1; sd=.48) 
SD_ATT .058      (n=16; min=0; max=.13; sd=.03) .127      (n=62; min=0; max=.32; sd=.09) 
SD_ALT .091      (n=16; min=.04; max=.14; sd=.03) .164      (n=63; min=.05; max=.45; sd=.09) 
R_ATT .097      (n=15; min=-.98; max=.99; sd=.70) .172      (n=59; min=-.97; max=.99; sd=.73) 
EVC_% [%] 37.52    (n=16; min=31; max=44; sd=4) 32.69    (n=63; min=0; max=77; sd=12) 
EVC_INDEX .139      (n=16; min=.02; max=.31; sd=.08) .253      (n=54; min=0; max=1; sd=.21) 
VALUE [%] 87.65    (n=16; min=58; max=100; sd=14) 91.74    (n=63; min=54; max=100; sd=10) 

CP2 N = 8 N = 79 
TIME [sec.] 83.53    (n=8; min=36; max=185; sd=45) 53.70    (n=75; min=12; max=117; sd=27) 
HOLISTIC [%] 97.50    (n=8; min=87; max=100; sd=5) 79.47    (n=75; min=7; max=100; sd=24) 
PATTERN .291      (n=8; min=-.08; max=.91; sd=.34) -.016     (n=75; min=-1; max=1; sd=.49) 
SD_ATT .075      (n=8; min=.03; max=.15; sd=.04) .139      (n=75; min=0; max=.58; sd=.11) 
SD_ALT .079      (n=8; min=.04; max=.13; sd=.03) .146      (n=75; min=.03; max=.45; sd=.09) 
R_ATT .040      (n=8; min=-.99; max=.99; sd=.69) .145      (n=73; min=-1; max=1; sd=.70) 
EVC_% [%] 38.08    (n=8; min=33; max=46; sd=5) 35.88    (n=75; min=0; max=62; sd=10) 
EVC_INDEX .125      (n=8; min=0; max=.46; sd=.15) .239      (n=61; min=0; max=.87; sd=.22) 
VALUE [%] 79.55    (n=8; min=62; max=100; sd=13) 91.15    (n=75; min=41; max=1; sd=11) 

CP3 N = 25 N = 60 
TIME [sec.] 74.98    (n=25; min=17; max=186; sd=36) 53.13    (n=58; min=16; max=163; sd=33) 
HOLISTIC [%] 97.87    (n=25; min=80; max=100; sd=5) 79.20    (n=58; min=0; max=100; sd=24) 
PATTERN .158      (n=25; min=-.06; max=.59; sd=.18) -.078     (n=57; min=-1; max=1; sd=.45)  
SD_ATT .073      (n=25; min=0; max=.14; sd=.04) .126      (n=57; min=.02; max=.31; sd=.13) 
SD_ALT .092      (n=25; min=.04; max=.14; sd=.03) .146      (n=58; min=.03; max=.45; sd=.09) 
R_ATT .281      (n=24; min=-.98; max=1; sd=.71) .130      (n=57; min=-1; max=.99; sd=.70) 
DAVG .151      (n=25; min=.09; max=.33; sd=.05) .139      (n=58; min=.01; max=.33; sd=.05) 
DNO 2.24      (n=23; min=.58; max=23.7; sd=4.8) 1.47      (n=58; min=.33; max=8.1; sd=1.3) 
EVC_% [%] 36.02    (n=25; min=28; max=43; sd=4) 34.67    (n=58; min=0; max=59; sd=11) 
EVC_INDEX .152      (n=25; min=.04; max=.33; sd=.08) .187      (n=47; min=0; max=1; sd=.21) 
VALUE [%] 91.13    (n=25; min=56; max=100; sd=12) 90.92    (n=58; min=54; max=100; sd=13) 

CP4 N = 15 N = 68 
TIME [sec.] 62.06    (n=15; min=25; max=133; sd=34) 42.91    (n=66; min=12; max=166; sd=29) 
HOLISTIC [%] 96.89    (n=15; min=87; max=100; sd=5) 73.94    (n=66; min=7; max=100; sd=26) 
PATTERN .164      (n=15; min=-.10; max=.56; sd=.20) .044      (n=66; min=-1; max=1; sd=.49) 
SD_ATT .079      (n=15; min=.02; max=.15; sd=.04) .143      (n=66; min=0; max=.58; sd=.12) 
SD_ALT .100      (n=15; min=.03; max=15; sd=.03) .166      (n=66; min=.02; max=.45; sd=.10) 
R_ATT .259      (n=15; min=-.98; max=.98; sd=.78) .161      (n=63; min=-1; max=.99; sd=.70) 
DAVG .143      (n=15; min=.05; max=.49; sd=.11) .142      (n=66; min=.02; max=.33; sd=.06) 
DNO 1.19      (n=14; min=.36; max=4.6; sd=1.1) 1.53      (n=65; min=.22; max=9.1; sd=1.5) 
EVC_% [%] 37.14    (n=15; min=26; max=45; sd=6) 35.09    (n=66; min=0; max=64; sd=12) 
EVC_INDEX .182      (n=15; min=.04; max=.42; sd=.13) .248      (n=50; min=0; max=1; sd=.23) 
VALUE [%] 77.66    (n=15; min=18; max=100; sd=23) 80.54    (n=66; min=33; max=100; sd=19) 

I n t e r v e n t i o n 

CP5 N = 6 N = 80 
TIME [sec.] 102.78  (n=6; min=59; max=146; sd=31) 62.36    (n=78; min=12; max=230; sd=42) 
HOLISTIC [%] 98.89    (n=6; min=93; max=100; sd=3) 83.25    (n=78; min=0; max=100; sd=22) 
PATTERN .122      (n=6; min=-.05; max=.59; sd=.24) -.285     (n=77; min=-.88; max=.89; sd=.34) 
SD-F-ATT .075      (n=6; min=.02; max=.12; sd=.04) .146      (n=77; min=.02; max=.48; sd=.09) 
SD-F-ALT .069      (n=6; min=.04; max=.09; sd=.02) .129      (n=78; min=.03; max=.45; sd=.07) 
R_ATT -.045     (n=6; min=-.99; max=.99; sd=.85) .269      (n=77; min=-.99; max=1; sd=.69) 
DAVG .159      (n=6; min=.09; max=.27; sd=.06) .149      (n=78; min=.01; max=.65; sd=.09) 
DNO 1.33      (n=6; min=.76; max=2.5; sd=.78) 2.79      (n=76; min=.12; max=87.7; sd=10.0) 
EVC_% [%] 36.40    (n=6; min=30; max=46; sd=6) 38.06    (n=78; min=0; max=60; sd=10) 
EVC_INDEX .156      (n=6; min=.03; max=.33; sd=.13) .161      (n=69; min=0; max=.67; sd=.15) 
VALUE [%] 69.80    (n=6; min=55; max=100; sd=16) 79.34    (n=78; min=21; max=100; sd=20) 

43 – Table 10.6.1.4.1: Information-processing behaviour and choice strategy types 

 



 227 

The first step is to validate variance homogeneity, which is one assumption of the test. 
SPSS does this via Levene test. If p-values for Levene are insignificant at the 95%-level, we 
cannot reject the null hypothesis of equal variances. In case of significance, SPSS output for 
independent T-test provides an adjustment through the Welch test, which I already used during 
the ANOVA procedure in Section 10.6.1.2. As before, SPSS output can be found in 
APPENDIX to this section. For CP1, the TIME difference between WADD (M = 84.43) and 
HEURISTICS (M = 55.39) is significant, t = 3.07, p = .003, d = .47102, weak effect for ‘strategy 
type’. WADD users took longer to process their selection. For PATTERN, Levene test is 
significant (p = .006). Thus, the corresponding test statistic, t = 1.79, p = .080, is also statistically 
significant at the 95%-level for a directed hypothesis (p = .040, d = .36, weak effect). While I 
only derived hypotheses in Section 10.4.1 for the influence of the intervention stage, it is typical 
to connect WADD with alternative-based processing (Section 6.2). PATTERN of WADD 
should be higher than for HEURISTICS throughout the experiment. PATTERN values thus 
indicate that WADD users (M = .166) processed information more alternative-wise than 
HEURISTICS (M = .002). For R_ATT, variances are equal (p = .42) and the null hypothesis of 
equal means (M = .097 vs M = .172) cannot be rejected, t = -.36, p = .72. Levene tests for EVC 
variables are significant (EVC_%: p = .021; EVC_INDEX: p = .011), thus I cannot assume 
equal variances. For this scenario, the T-test for equality of means is also significant for both 
variables at the 99%-level (EVC_%: M = 37.52% vs M = 32.69%, t = 2.70, p = .009, d=.45, 
weak effect; EVC_INDEX: M = .139 vs M = .253, t = -3.19, p = .002, d = .58, medium effect). 
Consequently, in CP1, WADD users considered more extreme value information from the 
alternative-attribute matrix than HEURISTICS and did so in more balanced manner. For 
VALUE, the difference between WADD (M = 87.65%) and HEURISTICS (M = 91.74%) is 
not statistically significant at the 95%-level, t = -1.32, p = .19. Therefore, both strategy types 
performed equally consistent with their elicited value models. 

 
In CP2, the direction of results in Table 10.6.1.4.1 for each variable is equal to CP1. 

Thus, I proceed immediately with the statistical analysis via independent T-test. For TIME, 
variances are equal (p = .24) and the between-group differences (M = 83.53 vs M = 53.70) are 
considerable, t = 2.81, p = .006, d = 1.00, strong effect of ‘strategy type’. Consequently, WADD 
users took longer to process their choice in CP2. Similarly, the difference in PATTERN (M = 
.291 vs M = -.016) is again statistically significant at the 95%-level for a directed hypothesis, t 
= 1.69, p = .094, d = .62, medium effect. The 2-tailed value would convert into p = .047 for that 
case. For R_ATT, variances between WADD (M = .040) and HEURISTICS (M = .143) are 
equal (p = .72), just like the means, t = -.39, p = .70. Results of EVC variables are not significant 
neither for Levene test (EVC_%: p = .21; EVC_INDEX: p = .23), nor for T-test (EVC_%: t = 
.65, p = .52; EVC_INDEX: t = -1.29, p = .20. Lastly, VALUE scores are higher for 
HEURISTICS (M = 79.55% vs M = 91.07%). This time, the difference in VALUE is significant 
at the 99%-level, t = -2.87, p = .005, d = 1.02, strong effect. HEURISTICS were more consistent 
with their elicited value models. However, in CP2, WADD had only a sample of eight users. 

 

 
102 Cohen’s d is calculated like before. The standard deviation for the formula must be the pooled sd value. This is 
found/calculated in SPSS in the descriptive statistics for each variable. For instance, for CP1-TIME pooled sd = 
61.27, thus d = 84.43−55.39

61.27
 = .474. Therefore, d < 0.5, which indicates a weak effect for ‘strategy type’.  
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In CP3, according to Table 10.6.1.4.1, the trend for two variables changes. For the first 
time, WADD has higher average totals for R_ATT and VALUE. Due to the attribute range 
manipulation, it is also the premiere for DAVG and DNO. Interestingly, HEURISTICS yield 
better scores on both. Since DNO is heavily influenced by outliers (Section 10.6.1.3.11), I will 
only perform statistical analysis for the differences on DAVG later. Firstly, there exists once 
more a significant difference at the 99%-level, t = 2.69, p = .009, d = .62, medium effect of 
‘strategy type’, for TIME (M = 74.98 vs M = 53.13). For PATTERN, neither variances (p = .001) 
nor means (M = .157 vs M = -.078) can be assumed equal, t = 3.36, p = .001, d = .58, medium 
effect. Even though WADD yields higher scores on R_ATT (M = .281) than HEURISTICS (M 
= .130), the difference is not statistically significant, t = .88, p = .38. The difference in DAVG 
(M = .151 vs M = .139) is also not statistically significant, t = .96, p = .34. Next, I tested EVC 
variables. Levene test is significant in both cases (EVC_%: p = .001; EVC_INDEX: p = .005) 
but the null hypothesis cannot be rejected for either one (EVC_%: t = .81, p = .42; EVC_INDEX: 
t = -1.04, p = .30). The higher value model consistency for WADD (M = 91.13% vs M = 90.92%) 
in CP3 is not a statistically significant difference to HEURISTICS, t = .07, p = .95.  

 
Next in line is CP4, for which HEURISTICS again display higher VALUE totals (M = 

77.66% vs M = 80.54%). Other trends remain constant. However, the magnitudes of some 
variable values change somewhat over the course of CP1-CP4. Generally, TIME decreases for 
both strategy types, especially for CP4. This may be connected to presentation-order effects 
(Section 10.6.1.2). For HEURISTICS, EVC_% and EVC_INDEX totals increase after CP1. 
EVC does not show a corresponding trend for WADD users. With increasing complexity 
extreme value consideration becomes less balanced. Also, the overall VALUE drops for both 
choice strategy classes in CP4. These adjustments to complexity are consistent with the overall-
effect analysis in Section 10.6.1.3. Next, I test differences due to strategy type for CP4 
statistically. Results for TIME (M = 62.06 vs M = 42.91) are significant again, t = 2.21, p = .030, 
d = .62, medium effect of ‘strategy type’. Levene test for PATTERN results in p = .001, 
therefore the corresponding T-test is not significant at the 95%-level, t = 1.48, p = .14. Likewise, 
results for the remaining variables are not significant, neither on the Levene test (R_ATT: p 
= .79; DAVG: p = .16; EVC_%: p = .15; EVC_INDEX: p = .06; VALUE: p = .61), nor the T-
test (R_ATT: t = .47, p = .64; DAVG: t = .08, p = .94; EVC_%: t = .66, p = .51; EVC_INDEX: 
t = -1.07, p = .29; VALUE: t = -.51, p = .61). Thus, the only statistically relevant difference 
between WADD and HEURISTICS for CP4, despite the variables used for classification in 
Section 10.5.1, is TIME. WADD users took longer to select their preferred alternative and 
considered more information from the alternative-attribute matrix.  

 
Lastly, I analyse the differences for the post-intervention stage. For CP5, unfortunately, 

only six participants were identified as WADD users. Therefore, their sample is not of 
respectable size. Note that changes may not be statistically significant. Overall processing effort 
for WADD increased as TIME and HOLISTIC scores rose. Processing itself became more 
attribute-based and consistent on alternative information. R_ATT became negative. Also, 
VALUE decreased below 70%. Values for DAVG did not improve, likewise for EVC_%. 
EVC_INDEX indicates more balanced consideration of maxima and minima, however. 
HEURISTICS show interesting changes as well. They processed longer and acquired more 
information. Note that the value of CP5-HOLISTIC is above the classification threshold used 
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in Section 10.5.1. Processing after the intervention was more attribute-based and consistent, 
especially on alternative information. Scores on R_ATT and EVC variables improved. In 
comparison to WADD, the change on these variables was stronger. EVC_% is even higher for 
HEURISTICS than for WADD post-intervention. DAVG and VALUE totals remain relatively 
constant. Consequently, all proposed choice quality variables either are stable or improve for 
HEURISTICS, while for WADD this is not the case (e.g. EVC_% & VALUE). This is 
inconsistent with the compatibility-viewpoint of Section 8.4.  

 
Next, I test differences between WADD and HEURISTICS values in CP5 for statistical 

significance via independent T-test. Significant results are achieved for TIME (M = 102.78 vs 
M = 62.36), t = 2.31, p = .024, d = .95, strong effect for ‘strategy type’, and PATTERN (M 
= .122 vs M = -.285), t = 2.88, p = .005, d = 1.17, strong effect. Therefore, WADD users 
processed longer and more alternative-wise post-intervention. For the remaining variables, 
R_ATT (M = -.045 vs M = .269), t = -1.05, p = .30, DAVG (M = .159 vs M = .149), t = .27, p 
= .79, EVC_% (M = 36.40% vs M = 38.06%), t = -.39, p = .70, EVC_INDEX (M = .156 vs M 
= .161), t = -.07, p = .94,  and VALUE (M = 69.78% vs M = 79.34%), t = -1.15, p = .25, the 
null hypothesis of equal means cannot be rejected.  

 
The above results on strategy type differences are unexpected. Hypotheses 6.1 and 6.2 

are not supported. One cause is certainly the small number of WADD users in CP5 which 
limits statistical power of the analysis. In conclusion, WADD did not outperform HEURISTICS 
after the intervention on choice quality measures. Furthermore, WADD only achieved a 
significant advantage on one choice quality measure in one CP during Study 1. That was 
extreme value consideration in CP1, when EVC_% and EVC_INDEX differences were 
significant at the 99%-level. However, in CP2, HEURISTICS achieved significantly higher 
VALUE than WADD at the 99%-level. Therefore, the results suggest that WADD and 
HEURISTICS performed equivalent in terms of choice quality overall. HEURISTICS did so 
while investing less effort, however, and were apparently just as responsive to the intervention 
stage as WADD users.    

 
 

10.6.1.4.2 INTERVENTION AND CHOICE STRATEGY DIFFERENCES 
 
Next, I investigate the intervention stage’s impact on HEURISTICS more closely. 

Particularly, if there is significant variation in choice-processing behaviour between CP4 and 
CP5. For WADD, the sample size in CP5 is unfortunately too small to do so analytically. 
Because previous analysis suggests that variables like EVC_INDEX are unlikely to be normally 
distributed, and the sample size is only around 60, I chose to apply the non-parametric Wilcoxon 
test. The results are displayed in Table 10.6.1.4.2. The mean differences are taken from the 
output of a paired T-test. Thus, the given mean differences are not equal to Table 10.6.1.4.1 
figures. I include them only to provide an idea of magnitude. P-values stem from Wilcoxon test 
output that is included in APPENDIX to Section 10.6.1.4.  
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HEURISTICS 

 
CP5-CP4 Mean Difference 

 

 
P-Value (2-tailed) and Effect Size 

 
TIME [sec.] 17.40 (n=61) .000 * (r=.54, strong effect) 
HOLISTIC [%] 5.68 (n=61) .137 
PATTERN -.266 (n=60) .001* (r=.44, medium effect) 
SD-F-ATT .019 (n=60) .068* (r=.24, weak effect) 
SD-F-ALT -.026 (n=61) .083* (r=.22, weak effect) 
R_ATT .229 (n=57) .083* (r=.23, weak effect) 
DAVG -.002 (n=62) .511 
EVC_% [%] 2.88 (n=61) .045* (r=.26, weak effect) 
EVC_INDEX -.067 (n=44) .214 
VALUE [%] -0.49 (n=61) .666 

44 – Table 10.6.1.4.2: Significance tests for intervention effects on HEURISTICS 

 Note that stated p-values are two-tailed, thus a value p ≤ .10 is significant at the 95%-
level for directed hypotheses. Consequently, according to Table 10.6.1.4.2, the matched 
proportion of the HEURISTICS sample103 took significantly longer to process information. The 
transitioning pattern became more attribute-wise post-intervention. Selectivity increased on 
attribute information but became more consistent on alternative information. Correlation 
between time spent on attributes and their weights (R_ATT) increased to .362 for the paired 
sample and .269 for HEURISTICS overall in CP5. Lastly, focus on extreme values increased. 
Thus, most of the information-processing measures I utilised to evaluate choice quality changed 
considerably. The majority indicates improved choice-processing behaviour. Differences on 
HOLISTIC and EVC_INDEX missed the 95% significance level, but their trend signals a more 
sophisticated approach. Only DAVG misses significance clearly. Overall, the results show that 
HEURISTIC DMs were responsive to the intervention stage. However, VALUE did not 
increase. The null hypothesis for equal means cannot be rejected for value model consistency. 
The results will be further discussed in Chapter 11. Next, I evaluate effects of strategy-
switching behaviour on information-processing. 
 
 

10.6.1.4.3 EFFECTS OF CHOICE STRATEGY SWITCHING 
 
A drawback for the contents of this chapter is the small number of identified WADD 

implementations post-intervention (n=6). Therefore, it is analytically not meaningful to 
distinguish switchers and non-switchers specific to their chosen strategy types. Sample sizes 
for WADD-related sub-groups would be too small. The statements in Hypotheses 7.1 and 7.2 
from Section 10.4.1 can be evaluated independent of the type of switch, however. From now 
on I solely distinguish between ‘non-switchers’ and ‘switchers’104. Table 10.6.1.4.3 displays 
the results for both groups.   

 
 
 

 
103 This sample consists of users that employed HEURISTICS in CP4 and CP5. 
104 Participants who maintained their choice strategy type throughout the intervention stage (‘non-switchers’) 
versus people who switched between WADD and HEURISTICS during CP4 and CP5 (‘switchers’). 
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Switchers CP4 (N = 18) 

 
CP5 (N = 18) 

 
TIME [sec.] 60.49   (n=18; min=12; max=133; sd=36) 87.09   (n=18; min=25; max=206; sd=44) 
HOLISTIC [%] 91.11   (n=18; min=40; max=100; sd=17) 95.19   (n=18; min=53; max=100; sd=12) 
PATTERN .188     (n=18; min=-.46; max=1; sd=.32) -.227    (n=18; min=-.75; max=.59; sd=.31) 
SD-F-ATT .086     (n=18; min=.02; max=.15; sd=.04) .096     (n=18; min=.03; max=.19; sd=.05) 
SD-F-ALT .119     (n=18; min=.03; max=.28; sd=.07) .095     (n=18; min=.04; max=.25; sd=.05) 
R_ATT .417     (n=18; min=-.98; max=.99; sd=.69) .117     (n=18; min=-.99; max=.99; sd=.71) 
DAVG .149     (n=18; min=.05; max=.49; sd=.11) .171     (n=18; min=.05; max=.65; sd=.14) 
EVC_% [%] 37.52   (n=18; min=28; max=45; sd=5) 39.24   (n=18; min=20; max=54; sd=8) 
EVC_INDEX .208     (n=17; min=.04; max=.60; sd=.16) .163     (n=18; min=0; max=.67; sd=.17) 
VALUE [%] 80.32   (n=18; min=18; max=100; sd=21) 78.62   (n=18; min=52; max=100; sd=16) 
 
Non-Switchers 

 
CP4 (N=62) 

 

 
CP5 (N=62) 

 
TIME [sec.] 42.76   (n=62; min=12; max=166; sd=29) 59.79   (n=62; min=12; max=230; sd=60) 
HOLISTIC [%] 74.95   (n=62; min=7; max=100; sd=26) 80.75   (n=62; min=0; max=100; sd=23) 
PATTERN .032     (n=62; min=-1; max=1; sd=.49) -.253    (n=61; min=-.88; max=.89; sd=.36) 
SD-F-ATT .142     (n=62; min=0; max=.58; sd=.13) .153     (n=61; min=.02; max=.48; sd=.10) 
SD-F-ALT .163     (n=62; min=.02; max=.45; sd=.10) .137     (n=62; min=.03; max=.45; sd=.07) 
R_ATT .115     (n=59; min=-1; max=.99; sd=.72) .314     (n=61; min=-.99; max=1; sd=.69) 
DAVG .140     (n=62; min=.02; max=.27; sd=.06) .138     (n=62; min=.01; max=.32; sd=.06) 
EVC_% [%] 34.80   (n=62; min=0; max=64; sd=12) 37.70   (n=62; min=0; max=60; sd=11) 
EVC_INDEX .242     (n=48; min=0; max=1; sd=.23) .164     (n=54; min=0; max=.67; sd=.14) 
VALUE [%] 80.08   (n=62; min=33; max=100; sd=19) 79.45   (n=62; min=21; max=100; sd=21) 
45 – Table 10.6.1.4.3: Performance comparison of ‘switchers’ and ‘non-switchers’  

The point that stands out from Table 10.6.1.4.3 is that ‘switchers’ perform sophisticated 
on most variables, even before the prescriptive intervention stage (CP4). They take 
comparatively long time and acquire and process information extensively and in alternative-
wise manner. Processing is relatively consistent across attribute and alternatives, and R_ATT 
is near the WADD range stated in Rieskamp & Hoffrage (2008). EVC_% is above random-
chance level, while for ‘non-switchers’ it is not. Likewise, EVC_INDEX indicates more 
balanced extreme value consideration for ‘switchers’. Overall, the differences are as distinct as 
they were for WADD/HEURISTICS in Section 10.6.4.2, even though ‘switchers’ and ‘non-
switchers’ are distinguished independent of information-processing behaviour. This aspect is 
noteworthy because it is unexpected. The stated hypotheses only predict differences for the 
post-intervention stage. Despite the above, VALUE is similar for both groups. Based on this 
descriptive evaluation, the question arises why participants switched when predominantly 
processing in sophisticated manner? Likewise, why did people stick with strategies even though 
processing variables indicate room for improvement? 

 
Next, I test if between-group differences for CP4 and CP5 are statistically significant. 

After, I will evaluate the influence of the intervention stage on ‘switchers’ and ‘non-switchers’. 
Because each participant can only be part of one of the groups, we deal with an independent 
sample. Note that sample size for ‘switchers’ is only 18. Application of parametric tests would 
require normality of variables. From the previous statistical analysis, I know this is false for 
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EVC_INDEX (Figure 10.6.1.3.3). The non-parametric alternative, which I perform next for 
CP4, is the Mann-Whitney-U test. Note that all p-values are 2-tailed. The between-group mean 
differences for TIME (M = 60.49 vs M = 42.76), Z = -2.30, p = .021, r = .26, weak effect of 
‘switch’, HOLISTIC (M = 91.11% vs M = 74.95%), Z = -2.67, p = .008, r = .30, weak effect 
size, PATTERN (M = .188 vs M = .032), Z = -1.70, p = .089, r = .19, weak effect size, SD_ATT 
(M = .086 vs M = .142), Z = -1.77, p = .077, r = .20, weak effect size, and SD_ALT (M = .119 
vs M = .163), Z = -2.06, p = .039, r = .23, weak effect size, are significant at least to the 95%-
level for directed hypotheses. R-ATT (M = .417 vs M = .115) misses the significance threshold 
closely, Z = -1.57, p = .118, thus I performed independent T-test to double-check. However, 
assuming normality due to sample size of 77 (Shapiro-Wilk results in p < .001), the T-test still 
finds an insignificant result for R_ATT at the 95%-level, t = 1.58, p = .120. Also, between-
group variation on PATTERN becomes insignificant when performing independent T-test, t = 
1.60, p = .117. Thus, differences for PATTERN, R_ATT, DAVG, EVC_%, EVC_INDEX, and 
VALUE were not significant. 

 
 For CP5 between-group differences, Mann-Whitney-U test finds significant results for 

TIME (M = 87.09 vs M = 59.79), Z = -2.63, p = .009, r = .29, weak effect of ‘switch’, 
HOLISTIC (M = 95.19% vs M = 80.75%), Z = -3.12, p = .002, r = .35, medium effect size, 
SD_ATT (M = .096 vs M = .153), Z = -2.40, p = .016, r = .27, weak effect size, and SD_ALT 
(M = .095 vs M = .137), Z = -2.74, p = .006, r = 31, medium effect size at the 99%-level for 
directed hypotheses. The remaining variables are not close to the significance threshold with 2-
tailed p-values ≥ .37. EVC_% (M = 39.24% vs M = 37.70%), EVC_INDEX (M = .163 vs M 
= .164) and VALUE (M = 78.62% vs M = 79.45%) variables display p-values of .69, .80, 
and .74. Overall, statistical analysis indicates that most initial observations about differences 
between ‘switchers’ and ‘non-switchers’ are mathematically significant for CP4 and CP5. 
Before the experiment, I only hypothesised about varying within-group adjustments relative to 
the intervention stage. 

 
For analysis of the impact of the intervention video I adjusted my database to perform 

a paired statistical test like in Section 10.6.1.4.2. I begin with a non-parametric test. For matched 
samples and two groups (CP4 and CP5 performances) this is the Wilcoxon test. I first analyse 
the ‘switchers’. Again, all p-values are 2-tailed. The mean differences shown in Table 
10.6.1.4.3 are significant at least to the 95%-level for directed hypotheses for TIME (M = 60.49 
vs M = 87.09), Z = -2.59, p = .010, r = .61, strong effect of ‘intervention’, PATTERN (M = .188 
vs M = -.227), Z = -3.29, p = .001, r = .78, strong effect, and DAVG (M = .149 vs M = .171), 
Z = -1.66, p = .098, r = .39, medium effect. Thus, ‘switchers’ experienced no positive overall 
effect on EVC variables and VALUE post-intervention. The impact on DAVG was even 
negative. Average deviation from normatively expected attribute weights increased in CP5. 
Also, ‘switchers’ took longer to select their preferred alternative and processed information 
more attribute-wise post-intervention.  

 
For ‘non-switchers’, the following variables display significant change at least at the 

95%-level after the video: TIME (M = 42.76 vs M = 59.79), Z = -4.15, p < .001, r = .53, strong 
effect of ‘intervention’, PATTERN (M = .032 vs M = -.253), Z = -3.55, p < .001, r = .45, 
medium effect, SD_ATT (M = .142 vs M = .153), Z = -1.79, p = .074, r = .23, weak effect, 
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SD_ALT (M = .163 vs M = .137), Z = -1.80, p = .073, r = .23, weak effect, R_ATT (M = .115 
vs M = .314), Z = -1.88, p = .061, r = .25, weak effect, and EVC_% (M = 34.80% vs M = 
37.70%), Z = -2.05, p = .040, r = .26, weak effect. Again, TIME increased and PATTERN 
became more attribute-based. Further there are significant weak effects of the intervention on 
SD, R, and EVC_% variables. The processing on attributes was more selective post-
intervention, while for alternative information it became more consistent. R increased and 
EVC_% improved considerably away from the 35% random-search benchmark. Overall, ‘non-
switchers’ experienced more significant improvements after the intervention stage than 
‘switchers’. However, there was no effect on VALUE for either group.  

 
Regarding Hypotheses 7.1 and 7.2, I find mixed results. ‘Non-switchers’ experience 

positive effects on EVC_%, but not on EVC_INDEX nor VALUE. The direction of change for 
EVC_INDEX is as expected but not significant on the 95%-level. VALUE remains constant. 
Thus, there is only partial support for Hypothesis 7.1. Hypothesis 7.2 proposes that ‘non-
switchers’ will perform better on EVC and VALUE than ‘switchers’ post-intervention. This 
hypothesis rests on the idea that ‘non-switchers’ may have advantages in strategy execution. 
Indeed, it appears that the intervention has more positive effects on information-processing 
variable values of ‘non-switchers’. However, the between-groups variation post-intervention is 
not statistically significant for EVC and VALUE variables. One related observation is that 
‘switchers’ outperform ‘non-switchers’ pre-intervention on several variables. This was 
unexpected. Overall, there is no support for Hypothesis 7.2. This concludes the Study 1 
analysis.   

 
 

10.6.2 Analysis for Study 2 
 
 Study 2 presented two unrelated, but assumingly, similarly complex MA choice 
problems. In between both choices I ran the identical intervention stage as for Study 1. To help 
participants select their preferred alternatives I introduced the ‘clicking feature’. In this chapter, 
I will report on the following analysis: I will provide statistics about the reimbursement scheme 
and CPs. The main body will focus on the overall effects of the intervention stage on choice-
processing and clicking behaviour. The last section will cover the analysis of differences in 
choice strategy usage including strategy-switching behaviour.  
 
 Next, follows a summary of the main results, which are detailed in the subsequent sub-
sections. I begin with the overall effects of the prescriptive intervention. For Study 2, an 
investigation of presentation order similar as in Study 1 is unnecessary. I tested the hypotheses 
from Section 10.4.2 for CAR and FLAT separately. I expected higher overall processing effort 
as result of the intervention stage. For CAR, I only found a significant increase in ACQ but not 
for TIME, while for FLAT both variables showed a significant increase. Therefore, the 
evidence was consistent with the hypothesis. Next, I evaluated the influence of the intervention 
on selectivity of information-processing behaviour. For CAR, none of the corresponding 
variables experienced significant post-intervention variation. For FLAT, processing of attribute 
information became more selective, while there were no considerable changes on SD_ALT and 
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R_ATT. Overall, this presents insufficient evidence to support the hypotheses. Transitioning 
behaviour also did not indicate the expected increase of attribute-wise processing. Even though 
the trend was in the hypothesised direction, results for neither problem type were significant at 
the 95%-level. Next, I assessed extreme value consideration. Pre-intervention results for 
EVC_% were surprisingly high why I failed to support Hypothesis 4.1. Statistical analysis 
showed that focus on extreme value cells was still at an above random-chance level post-
intervention. Therefore, Hypothesis 4.2. was supported for both problem types. The 
consideration of extreme values did not become more balanced, however. While I found no 
influence of the intervention for FLAT, EVC_INDEX increased for CAR. Its result is therefore 
in the opposing direction of Hypothesis 4.3. I found mixed results for the impact on clicking 
behaviour. Based on the small sample, the analysis was unable to detect a higher utilisation rate 
of the ‘clicking feature’ in the main study. The intervention stage had no impact on clicking 
behaviour in CAR but for FLAT. Comparing CLICKS before and after the prescriptive video 
statistically, the ‘clicking feature’ was utilised more post-intervention in FLAT. Thus, 
Hypothesis 5.2 was supported for FLAT. Next, I evaluated if participants used the ‘clicking 
feature’ to reveal extreme-value information from the alternative-attribute matrix at an above 
random-chance level post-intervention. Comparing medians, I only found a significant 
difference to the threshold in CAR but not for FLAT.  Lastly, statistical analysis provided no 
support for either problem type to reject the null hypotheses that the prescriptive intervention 
had no impact on value model consistency.  

 
Next, I evaluated the clicking behaviour of participants in more depth by analysing it 

relative to a set of clicking themes. In comparison to the pilot study, DMs used clicks earlier in 
the choice process to highlight information. Also, the ‘EVC’ theme occurred in the main study 
and its usage increased post-intervention, while the numbers signalled less focus on the 
‘attribute’ theme after the video. However, statistical analysis did not find these changes to be 
significant. There is only sufficient evidence to assume that the intervention stage impacted the 
clicking behaviour in terms of quantity, but not in terms of content. Thus, I evaluated how 
clicking themes performed pre- and post-intervention. Without assistance, the ‘no-click’ theme 
DMs showed the highest value model consistency while they simultaneously invested the least 
effort. Therefore, the ‘clicking feature’ was not an effective coping method unless decision aid 
was provided. After the prescriptive intervention, ‘no-click’ scored worst on information-
processing variables but not all results were statistically significant at the 95%-level. 
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Summary of Study 2 Results 

 
1. Overall Processing Effort 

Hypothesis 
1.1 

Post-intervention, participants will acquire more information and take longer to select an 
option. 
CAR ACQ: Mann-Whitney-U, p = .044, significant, r = .23, weak effect 
          TIME: Mann-Whitney-U, p = .717, n.s. 
FLAT ACQ: Mann-Whitney-U, p = .029, significant, r = .25, weak effect 
          TIME: Mann-Whitney-U, p = .080, significant, r = .20, weak effect 

Supported 

Summary 
1.    The prescriptive intervention influenced overall processing effort.  
2.   Participants acquired more information post-intervention in both problem types while selection time 
only increased for FLAT. 

2. Selectivity of Processing Behaviour 

Hypothesis 
2.1 

Post-intervention, participants will process information more consistently on alternatives 
(lower SD_ALT), while impact on SD_ATT is unclear. 
CAR SD_ALT: Mann-Whitney-U, p = .645, n.s. 
         SD_ATT: Mann-Whitney-U, p = .492, n.s. 
FLAT SD_ALT: Independent T-test, p = .466, n.s.  
           SD_ATT: Mann-Whitney-U, p = .052, significant, r = .22, weak effect 

Not 
supported 

Hypothesis 
2.2 

Post-intervention, R will not be negative. 
CAR R_ATT: Mann-Whitney-U, p = .593, n.s. 
                        One-Sample T-test, p = .282, n.s. 
FLAT R_ATT: Mann-Whitney-U, p = .398, n.s. 
                         One-Sample T-test, p = .427, n.s. 

Not 
conclusive 

Summary 
1.   The prescriptive intervention, except for FLAT-SD_ATT, did not influence selectivity of processing. 
2.   The verdict on Hypothesis 2.2 is inconclusive because R_ATT did not considerably differ from 0 post-
intervention in both problem types. 

3. Transitioning Behaviour 

Hypothesis 
3.1 

Post-intervention, PATTERN will indicate more attribute-based processing due to the saliency 
of the attribute importance concept. 
CAR PATTERN: Independent T-test, p = .743, n.s. 
FLAT PATTERN: Independent T-test, p = .207, n.s. 

Not 
supported 

Summary 1.   The prescriptive intervention did not influence transitioning behaviour. 
1-3. Adaptivity of Participants (Similarity of CAR/FLAT) 

Hypothesis 
1-3.1 

Pre-intervention, values on information-processing measures do not differ significantly 
between CAR and FLAT.     
ACQ: Mann-Whitney-U, p = .826, n.s.; TIME: Mann-Whitney-U, p = .301, n.s. 
HOLISTIC: Mann-Whitney-U, p = .161, n.s.; PATTERN: Mann-Whitney-U, p = .893, n.s.; 
SD_ALT: Mann-Whitney-U, p = .472, n.s.; SD_ATT: Mann-Whitney-U, p = .628, n.s.; 
R_ATT: Mann-Whitney-U, p = .849, n.s.; EVC_%: Mann-Whitney-U, p = .956, n.s.; 
EVC_INDEX: Mann-Whitney-U, p = .223, n.s.; CLICKS: Mann-Whitney-U, p = .071, 
significant, r = 21, weak effect; CLICKS_EVC: Mann-Whitney-U, p = .021, significant, r = 
.26, weak effect; VALUE: Mann-Whitney-U, p = .347, n.s. 

Supported 

Summary 
1.  Pre-intervention, there were no significant differences in information-processing behaviour between 
CAR and FLAT. The assumption that both choice contexts are similar is appropriate. 
2.   CAR and FLAT only varied with respect to ‘clicking feature’ utilisation. 

4. MRTC 
Hypothesis 

4.1 
In the unassisted part, DMs will display relatively lower EVC_%. 
CAR EVC_%: Independent T-test, p = .284, n.s. 
FLAT EVC_%: trend wrong in Table 10.6.2.3.1 

Not 
supported 

Hypothesis 
4.2 

Post-intervention, EVC_% will exceed the benchmark of 35%. 
CAR EVC_%: One-Sample T-test, p < .001, significant, d = .77, medium effect 
FLAT EVC_%: One-Sample T-test, p = .018, significant, d = .40, weak effect 

Supported 

Hypothesis 
4.3 

Post-intervention, the average deviation of EVC_INDEX from 0 will decrease. 
CAR EVC_INDEX & FLAT EVC_INDEX: trends wrong in Table 10.6.2.3.1 

Not 
supported 
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46 – Table 10.6.2.1: Summary of verdicts for Study 2 hypotheses  

Summary 

1.   EVC_% values did not increase post-intervention for neither problem type. Noteworthy were the high 
EVC_% pre-intervention values. 
2.   Post-intervention, EVC_% values for both problem types exceeded 35%. 
3. Average deviation to 0 for EVC_INDEX did not decrease post-intervention. For CAR, EVC_INDEX 
increased instead, while for FLAT there was no significant change. 
4.   Results for EVC variables might be influenced by participants use of the ‘clicking feature’. 

5. Clicking Behaviour 
Hypothesis 

5.1 
The usage rate of the ‘clicking feature’ will be higher than during the pilot. 
CAR CLICKS: Mann-Whitney-U, p = .292, n.s. 
FLAT CLICKS: Mann-Whitney-U, p = .327, n.s. 

Not 
supported 

Hypothesis 
5.2 

Post-intervention, CLICKS will increase. 
CAR CLICKS: trend wrong in Table 10.6.2.3.1 
FLAT CLICKS: Mann-Whitney-U, p = .064, significant, r = .21, weak effect 

Partial 
support 

Hypothesis 
5.3 

Post-intervention, CLICKS_EVC will exceed the benchmark of 40%. 
CAR CLICKS_EVC: One-Sample Wilcoxon-test, p < .001, significant, r = .53, strong effect 
FLAT CLICKS_EVC: One-Sample Wilcoxon-test, p = .719, n.s. 

Partial 
support 

Summary 

1.   The usage rate of the ‘clicking feature’ was not higher in the main study. 
2.   The prescriptive intervention stage did not influence the usage rate of the ‘clicking feature’ in CAR but 
the usage rate increased for FLAT. 
3.  CLICKS_EVC exceeded the 40% benchmark post-intervention for CAR, but not for FLAT. The 
statistical test compared median and not mean values, however. 

6. Value Model Consistency 
Hypothesis 

6.1 
Post-intervention, VALUE will increase. 
CAR VALUE: Mann-Whitney-U, p = .587, n.s. 
FLAT VALUE: Mann-Whitney-U, p = .272, n.s. 

Not 
supported 

Summary 1.   The prescriptive intervention did not influence value model consistency. 
7. Choice Strategy Type 

Hypothesis 
7.1 

Post-intervention, ML1 and ML2 strategies will display higher EVC_% than ML3 heuristics. 
EVC_%: trend wrong in Table 10.6.2.4.1.2 

Not 
supported  

Hypothesis 
7.2 

Post-intervention, ML1 strategies will have EVC_INDEX scores closer to 0 as ML2 and ML3 
heuristics. 
EVC_INDEX: trend wrong in Table 10.6.2.4.1.2 

Not 
supported 

Hypothesis 
7.3 

Post-intervention, ML1 strategies will achieve highest VALUE, while ML2 will achieve 
higher VALUE than ML3 heuristics. 
VALUE: Kruskal-Wallis-test, p = .632, n.s. 

Not 
supported 

Summary 

1.   Without assistance, the performance of ML1 strategies was worst. 
2.   EVC variables did not indicate superior scores for ML1 strategies post-intervention. Participants use of 
the ‘clicking feature’ might influence EVC values. Also, the sample size of ML1 strategies was small. 
3.  Post-intervention, value model consistency of ML1 strategies was not different to HEURISTICS, 
independent of their attribute-weighting attitude. 

8. Choice Strategy Switching 
Hypothesis 

8.1 
ML1 and ML2 strategy users will improve EVC and VALUE post-intervention. 
ML1 VALUE: Mann-Whitney-U, p = .106, significant, r = .48, medium effect 
ML2 VALUE: Wilcoxon, p = .398, n.s. 

Partial 
support 

Hypothesis 
8.2 

DMs who stick with ML1 and ML2 strategies post-intervention will achieve better EVC and 
VALUE than DMs who switch from them, particularly if they switch from ML1 strategies. 
ML1 & ML2 VALUE: trends wrong in Table 10.6.2.4.2.1 

Not 
supported 

Hypothesis 
8.3 

DMs who switch from ML3 heuristics post-intervention will improve EVC and VALUE. 
ML3 VALUE: Mann-Whitney-U, p = .183, significant, r = .34, medium effect 

Partial 
support 

Summary 

1.   The intervention displayed weak positive influence on VALUE of ML1 strategies but did not influence 
VALUE of ML2 strategies. The intervention also did not help strategies without attribute-weighting. 
2.  Participants who switched from ML1 and ML2 strategies achieved higher VALUE than people who 
stuck with those strategies. Post-intervention, ‘switchers’ generally achieved higher VLAUE scores. 
3.   Participants who stuck with ML3 strategies displayed highest value model consistency pre-intervention 
but lowest post-intervention. The post-intervention VALUE decrease for ML3 strategies was significant. 
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I further looked at effects due to differences in choice strategy types. I distinguished 
strategies based on the three MLs from Chapter 6. First, I compared choice-processing 
behaviour across strategy types. Here, I also assessed the influence of the intervention stage. 
On a general note, I found that EVC and R variables are difficult to interpret in the Study 2 
setting due to the ‘clicking feature’. The evaluation of permanently opened cells is not covered 
by information-processing variables, therefore precisely those choice strategies with high focus 
on extreme values may end up with worse EVC variables scores in case extreme value cells 
were clicked during the choice process. Therefore, I focused on other aspects such as overall 
processing effort and value model consistency. Pre-intervention, ML1 strategies showed 
surprisingly worse value model consistency at the 90%-level than ML2 and ML3 heuristics. 
This indicates problems of strategy execution without prescriptive assistance. After the 
intervention video, ML1 VALUE score became best even though the difference to ML2 and 
ML3 heuristics was not significant. The increase for ML1 strategies itself just missed the 95%-
significance level threshold. Significant effects of the intervention stage on ML2 and ML3 
heuristics were for instance an increase in overall processing effort. Also, for ML3 strategies 
value model consistency decreased post-intervention at the 90%-level. Thus, like in Study 1, 
the analysis overall suggests that HEURISTICS can perform well, especially in unassisted 
choice settings. With decision aid, strategies with attribute weighting are preferred, even though 
the evidence is not as clear as expected. The ability to implement a decision strategy correctly 
is crucial.  

 
Lastly, I considered strategy-switching behaviour. I distinguished strategies with and 

without attribute weighting. Statistical analysis showed that people who switched post-
intervention achieved higher value model consistency independent of the type of switch. People 
who started with an attribute weighting strategy and stuck with it post-intervention did not 
considerably improve in VALUE. Moreover, ML3 users who did not switch after the video 
achieved significantly lower value model consistency. Results from statistical analysis are 
summarised in Table 10.6.2.1. The table states the outcome and a summary for each group of 
hypotheses, as well as the statistical test, p-value, significance/non-significance verdict against 
the 90%-level, and effect size/strength where applicable. 
 
 

10.6.2.1 Reimbursement and Choice Problems 
 

I begin Study 2 analysis with the reimbursement. I will overview information about the 
top and bottom VALUE performers, including the declaration of the performance-prize winners. 
After, I will present selection frequencies for CAR and FLAT problems and evaluate their 
similarity to address Hypothesis 1-3.1. Lastly, I will perform a comparison of information-
processing variables across the CAR problems of Study 1 and Study 2 to detect differences with 
regards to the ‘star-rating’ and ‘clicking feature’ coping mechanisms.  
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10.6.2.1.1 REIMBURSEMENT 
 
 The procedure for compensating participants financially was different to Study 1. Due 
to smaller number of CPs, the performance-dependent part was completely based on overall 
value model consistency. I promised the top 10% most consistent students a prize of £15 
additional to the £10 Amazon voucher they received for completing the experiment. The 
eligibility requirements were identical to Study 1 (Section 10.6.1.1.1). For instance, I had to 
dismiss #20 from the prize draw because it rated the experiment instructions as unclear. Based 
on the 82-student sample, I aimed to identify the ‘TOP 8’ value performers.  
 
ID AVG #COR ID AVG #COR ID AVG #COR ID AVG #COR 
1 91,8% 1 23 93,4% 1 45 100,0% 2 67 100,0% 2 
2 95,4% 1 24 84,4% 1 46 100,0% 2 68 89,2% 1 
3 71,9% 0 25 100,0% 2 47 83,6% 1 69 77,8% 0 
4 62,5% 0 26 100,0% 2 48 77,0% 0 70 98,5% 1 
5 90,4% 1 27 100,0% 2 49 89,9% 1 71 96,1% 1 
6 100,0% 2 28 89,0% 1 50 85,9% 0 72 84,9% 1 
7 77,7% 1 29 67,9% 0 51 84,3% 1 73 91,3% 1 
8 100,0% 2 30 100,0% 2 52 95,7% 1 74 86,6% 0 
9 96,4% 1 31 100,0% 2 53 82,2% 0 75 97,4% 1 

10 100,0% 2 32 95,9% 1 54 100,0% 2 76 86,2% 1 
11 99,9% 1 33 91,3% 1 55 97,0% 1 77 62,1% 0 
12 75,7% 1 34 86,1% 0 56 100,0% 2 78 91,7% 1 
13 83,7% 1 35 100,0% 2 57 76,5% 0 79 87,7% 0 
14 78,7% 1 36 100,0% 2 58 100,0% 2 80 70,4% 0 
15 95,4% 1 37 86,3% 1 59 85,1% 0 81 75,6% 1 
16 77,4% 1 38 75,4% 1 60 93,2% 0 82 85,1% 0 
17 92,8% 0 39 86,8% 1 61 68,0% 1 
18 95,5% 1 40 77,6% 1 62 100,0% 2 
19 79,9% 0 41 100,0% 2 63 100,0% 2 
20 100,0% 2 42 100,0% 2 64 98,3% 1 
21 50,0% 1 43 100,0% 2 65 88,7% 1 
22 75,8% 0 44 98,8% 1 66 100,0% 2 

 
BOTTOM 10 

ID 77 4 29 61 3 38 81 12 22 57 
AVG 62,1% 62,5% 67,9% 68,0% 71,9% 75,4% 75,6% 75,7% 75,8% 76,5% 
STRAT ML3 X X ML3 ML3 ML2 ML3 ML1 ML1/2 ML2 

47 – Table 10.6.2.1.1: Reimbursement data for Study 2 
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Table 10.6.2.1.1 displays average VALUE scores for all participants. Students who were 
not eligible for the performance prizes are crossed out. As can be seen, there were more than 
eight participants with perfect value model consistency over both CPs of Study 2 (total: 23; 
eligible: 21). Therefore, I initiated a prize draw to determine the winners. I wrote the IDs of all 
perfect VALUE performers on small notes and let my wife randomly select eight pieces. The 
winners were #8, #27, #30, #31, #42, #56, #62, and #63. I notified all winners via their provided 
mail addresses to set up the transaction. Each person had one-week time to react. The average 
reimbursement equalled £11.46 per participant.  
 

Next, I consider characteristics of the ‘BOTTOM 10’ VALUE performers. Note that 
due to there being 23 perfect performers, an equivalent ‘TOP 10’ analysis is not sensible. The 
range of ‘BOTTOM 10’ VALUE scores spanned from around 60% to slightly above 75%, 
relatively similar to Study 1 (Section 10.6.1.1.1). The predominant choice strategy for each 
member is stated at the Macro Level. The classification for ML1 to ML3 was provided in 
Section 6.2. Remember that the strategy identification procedure could not classify all cases. 
According to Table 10.5.2.1, the success rate was 73.13%. If like for #4 and #29 choice 
strategies remained unclassified for both CPs, Table 10.6.2.1 states ‘X’. When participants 
switched between strategies from different MLs like #22, both are given. Overall, Table 
10.6.2.1.1 indicates that the majority of worst VALUE performers utilised choice strategies that 
were either unclassified or ML3. However, there are members of all choice strategy classes 
present. This shows that while different strategies may inherit varying degrees of accuracy 
(Payne & Bettman, 2002), it is their execution that determines efficiency. In support of this 
notion, the Study 1 results indicated good VALUE performances for HEURISTICS even in 
complex MA choice scenarios, as well as superior effects on choice-quality variables for 
participants who did not switch strategy post-intervention. 
 
 

10.6.2.1.2 SELECTION FREQUENCY 
 

The selection frequencies for CPs are presented in Figure 10.6.2.1.1. Unlike for Study 
1, there was no theoretical prediction on which alternatives participants would select. However, 
for our purposes of comparing choice approaches and evaluating choice quality it would be 
unfortunate if all DMs would select the same option. Such an occurrence may indicate that the 
choice context was in fact very easy to resolve thus mitigating findings from this analysis. 

 
According to the Figure, this is not the case. Instead, I observe two different situations. 

For CP1, the CAR choice problem, frequencies are spread across all five choice alternatives, 
even though one of them, Alternative 5, collected half of the total selections. In the FLAT 
selection task, CP2, frequencies accumulate only on three choice alternatives. However, all of 
them collect a considerable share. I do not regard either of these scenarios as problematic. Given 
the prospect of financial compensation, there is sufficient heterogeneity to assume that 
participants had to invest serious cognitive effort.  
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33 – Figure 10.6.2.1.1: Selection frequencies for Study 2 

 CAR FLAT 
Frequency of Selections 

Alternative 1 8 (9.8%) 33 (40.7%) 
Alternative 2 10 (12.2%) 0 (0.0%) 
Alternative 3 8 (9.8%) 30 (37.0%) 
Alternative 4 13 (15.9%) 1 (1.2%) 
Alternative 5 43 (52.4%) 17 (21.0%) 

 

 
 

 
 

10.6.2.1.3 SIMILARITY OF CAR AND FLAT CHOICE PROBLEMS 
 

 During Study 1, I attributed choice-processing differences across the pre-intervention 
CPs to the varying levels of contextual complexity. For Study 2, such differences may stem 
from other structural differences. The pilot analysis in Section 9.10.1 elaborated on this issue 
and the lack of a counterbalancing scheme. The assumption of similar processing features for 
CAR and FLAT is now, due to the introduction of counterbalancing, not as crucial anymore. 
Nevertheless, I will statistically test Hypothesis 1-3.1. If validated or not, the assessment of 
similarity between CAR and FLAT may be useful for future studies that extend on this work. 
Also, a general idea of the differences might facilitate the interpretation of findings later.   
 

Table 10.6.2.1.3 displays information-processing variables for both problems. Most of 
them present similar magnitudes. For instance, scores for ACQ, HOLISTIC, PATTERN, 
SD_ALT and EVC_% variables are almost identical. Slight variations occur for TIME, 
SD_ATT, R_ATT and EVC_INDEX. Further, value model consistency and clicking behaviour 
appear to vary as well. Participants clicked more in CAR but, despite this, achieved lower 
consistency with the elicited model. Potentially this indicates higher complexity of the CAR 
context. Since CAR was Choice 1 during the pilot study, this suspicion also necessitates to re-
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evaluate the results from the pilot. For example, part of the VALUE improvement post-
intervention in Section 9.9.1 may be attributable to FLAT being easier rather than the video 
intervention. Due to this possibility, I compare magnitudes of pilot and main study values for 
CAR. I find that in the main study, values are higher for ACQ, HOLISTIC, EVC_% and 
VALUE. Particularly, EVC_% is beyond 38% for both problems in the main study, while only 
being at random-chance level for Choice 1 during the pilot (Table 9.9.1.1). Further, processing 
is more attribute-wise and consistent, while extreme value consideration is more balanced. 
These effects are consistent with the introduction of the performance-dependent financial 
compensation as it should incentivise more sophisticated processing approaches. 
 

Variables 
 

CAR 
 

 
FLAT 

ACQ [freq.] 84.05 
(n=39; min=23; max=207; sd=45.77) 

85.67 
(n=39; min=17; max=232; sd=48.01) 

TIME [sec.] 95.78 
(n=39; min=28.3; max=349.2; sd=57.2) 

87.57 
(n=39; min=25.0; max=227.3; sd=48.6) 

HOLISTIC 
[%] 

99.83 
(n=39; min=93; max=100; sd=.01) 

98.46 
(n=39; min=73; max=100; sd=.05) 

PATTERN -0.404 
(n=39; min=-.94; max=.29; sd=.30) 

-0.383 
(n=39; min=-.94; max=.63; sd=.33) 

SD_ATT .071 
(n=39; min=.01; max=.16; sd=.04) 

.083 
(n=39; min=.01; max=.28; sd=.07) 

SD_ALT .070 
(n=39; min=.02; max=.14; sd=.03) 

.074 
(n=39; min=.02; max=.15; sd=.03) 

R_ATT .007 
(n=39; min=-.98; max=1; sd=.70) 

.045 
(n=39; min=-1; max=1; sd=.78) 

EVC_% [%] 38.01 
(n=39; min=29; max=45; sd=4) 

38.13 
(n=39; min=32; max=46; sd=4) 

EVC_INDEX .091 
(n=39; min=0; max=.29; sd=.07) 

.127 
(n=40; min=0; max=.43; sd=.11) 

CLICKS 
[freq.] 

3.69 
(n=39; min=0; max=6; sd=2.36) 

2.62 
(n=39; min=0; max=6; sd=2.67) 

CLICKS_EVC 
[freq.] 

2.36 
(n=39; min=0; max=6; sd=1.55) 

1.60 
(n=40; min=0; max=6; sd=1.82) 

VALUE [%] 84.22 
(n=39; min=50; max=100; sd=20) 

90.80 
(n=39; min=36; max=100; sd=13) 

48 – Table 10.6.2.1.1: Pre-intervention variable values for CAR and FLAT 

For statistical testing of CAR and FLAT differences, I created a database for each CP 
that consists of only those participants who worked through them pre-intervention. For CAR 
that is the Condition 1 participants and for FLAT Condition 2 students. Consequently, sample 
size is around 40 for both problems. Samples are independent because every student can only 
be part of one group at a time. The appropriate non-parametric test given this situation is the 
Mann-Whitney-U test. All p-values for this test in SPSS are 2-tailed. Statistical analysis yields 
the following results: Problem-type differences are not significant for ACQ (M = 84.05 vs M = 
85.67), Z = -.22, p = .83, TIME (M = 95.78 vs M = 87.57), Z = -1.03, p = .30, HOLISTIC (M 
= 99.83% vs M = 98.46%), Z = -1.40, p = .16, PATTERN (M = -.404 vs M = -.383), Z = -.14, 
p = .89, SD_ATT (M = .071 vs M = .083), Z = -.49, p = .63, SD_ALT (M = .070 vs M = .074), 
Z = -.72, p = .47, R_ATT (M = .007 vs M = .045), Z = -.19, p-value=.85, EVC_% (M = 38.01% 
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vs M = 38.13%), Z = -.06, p = .96, EVC_INDEX (M = .091 vs M = .127), Z = -1.22, p = .22, 
and VALUE (M = 84.22% vs M = 90.80%), Z = -.94, p = .35. Thus, our suspicion from the 
visual examination of Table 10.6.2.1.1 for TIME, EVC_INDEX, and VALUE variables is not 
supported. The null hypothesis of equal means cannot be rejected. Closest to the significant 
threshold of these variables comes HOLISTIC, which I had not considered at all. The reason is 
likely the small values for standard deviation since participants cannot shortcut effectively. The 
only significant difference between CAR and FLAT occurs for the utilisation of the ‘clicking 
feature’. Results for both, CLICKS (M = 3.69 vs M = 2.62), Z = -1.81, p = .071, r = .21, weak 
effect of ‘problem type’, and CLICKS_EVC (M = 2.36 vs M = 1.60), Z = -2.31, p = .021, r = 
.26, weak effect, are statistically significant at the 95%-level for a directed hypothesis. As 
mentioned, one possible explanation why participants utilised the ‘clicking feature’ differently 
in CAR might be higher experienced complexity even though values for the remaining 
information-processing and outcome variables do not support this argument. Overall, there is 
support for Hypothesis 1-3.1. 

 
 

10.6.2.1.4 COMPARISON OF CAR CHOICE PROBLEMS ACROSS STUDIES 
 

Before moving on, another brief interlude is necessary. During my investigation, I 
realised that there are considerable differences between information-processing values for CAR 
problems of Study 1 and Study 2. I provided reimbursement of comparable amount in both 
experiments. Therefore, the main cause of variety appears to be the coping method of each 
study; the ‘star-rating’ and the ‘clicking feature’. Note that these differences are systematic and 
exist independent of Study 1’s complexity level. Comparing Tables 10.6.1.3.1 and 10.6.2.1.1, 
information processing in the CAR problem of Study 2 is more exhaustive (ACQ, TIME, and 
HOLISTIC values are higher), more attribute-wise, more consistent, and more considerate of 
extreme value information. Value model consistency differs with respect to the complexity 
level. CP1-CP3 report higher VALUE totals, while for CP4 the score is lower than in Study 2. 
These observations provide opportunity to test one assumption of the experimental set-up. That 
is that the ‘star-rating’ introduces short-cut potential during choice-processing, while the 
‘clicking feature’ copes with cognitive constraints by revealing parts of the alternative-attribute 
matrix. Therefore, cell values must be explored in Study 2. The observed variation between 
Study 1 and Study 2 is consistent with my argument about coping method differences. They are 
summarised for the simplest and most complicated problem structure of Study 1 (CP1 and CP4) 
in Table 10.6.2.1.2. For comparison’s sake, all Study 1 variables are based on frequency 
measures. CLICK values are omitted because they only apply to Study 2.  

 
I test variations on ACQ, TIME, HOLISTIC, PATTERN, SD, EVC, and VALUE 

variables for significance. I use data from CP1 and CP4 of Study 1 in pairwise sequence to 
compare against the CAR problem of Study 2. Samples are therefore independent, and number 
of groups equal to 2. Because I evaluate similarity on a number of variables, I start with a non-
parametric test which does not require normality. The corresponding test is Mann-Whitney-U 
test. I begin with the comparison of Study 1-CP1 CAR with Study 2-CAR. Results indicate 
significant differences for ACQ (M = 84.05 vs M = 41.78), Z = -5.91, p < .001, r = .54, strong 
effect of ‘coping method’, TIME (M = 95.78 vs M = 61.27), Z = -3.91, p < .001, r = .36, medium 
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effect, HOLISTIC (M = 99.83% vs M = 82.28%), Z = -5.49, p < .001, r = .51, strong effect, 
PATTERN (M = -.404 vs M = .036), Z = -5.02, p < .001, r = .46, medium effect, SD_ATT (M 
= .071 vs M = .113), Z = -2.35, p = .019, r = .22, weak effect, SD_ALT (M = .070 vs M = .150), 
Z = -5.97, p < .001, r = .55, strong effect, EVC_% (M = 38.01% vs M = 33.67%), Z = -2.88, p 
= .004, r = .27, weak effect, and EVC_INDEX (M = .091 vs M = .227), Z = -4.25, p < .001, r 
= .41, medium effect. Only for VALUE (M = 84.22% vs M = 90.91%) the null hypothesis of 
equal means cannot be rejected, Z = -.56, p-value=.57. Consequently, choice processing on 
CAR in Study 2 is more exhaustive, attribute-wise, consistent, and extreme-value focused than 
in Study 1-CP1. Several observed effects of ‘coping method’ are of strong size. 
 

Variables 

 
CAR 

Study 2 
 

 
CAR 

Study 1 – simple 

 
CAR 

Study 1 – complex 

ACQ [freq.] 
84.05 

(n=39; min=23; 
max=207; sd=45.77) 

41.78  
(n=79; min 2; max 160; 

sd 26.87) 

45.33 
(n=81; min 2; max 165; 

sd 34.91) 

TIME [sec.] 
95.78 

(n=39; min=28.3; 
max=349.2; sd=57.2) 

61.27  
(n=79; min 12.38; max 

169.59; sd 35.6) 

46.46 
(n=81; min 11.6; max 

166.1; sd 31.0) 

HOLISTIC 
[%] 

99.83 
(n=39; min=93; 

max=100; sd=.01) 

82.28  
(n=79; min 0; max 100; 

sd 23.19) 

78.19 
(n=81; min 7; max 100; 

sd 25.45) 

PATTERN 
-0.404 

(n=39; min=-.94; 
max=.29; sd=.30) 

0.036  
(n=78; min  

-.875; max 1; sd .453) 

0.066 
(n=81; min -1; max 1; 

sd .456) 

SD_ATT 
.071 

(n=39; min=.01; 
max=.16; sd=.04) 

.113  
(n=78; min 0; max .32; sd 

.082)  

.131 
(n=81; min 0; max .59; 

sd .117) 

SD_ALT 
.070 

(n=39; min=.02; 
max=.14; sd=.03) 

.150  
(n=79; min .042; max 

.45; sd .091) 

.153 
(n=81; min .018; max 

.45; sd .094) 

EVC_% [%] 
38.01 

(n=39; min=29; max=45; 
sd=4) 

33.67  
(n=79; min 0; max 76.9; 

sd 10.69)  

35.47 
(n=81; min 0; max 63.6; 

sd 10.78) 

EVC_INDEX 
.091 

(n=39; min=0; max=.29; 
sd=.07) 

.227 
(n=70; min  

0; max 1; sd .198) 

.233 
(n=65; min 0; max 1; sd 

.211) 

VALUE [%] 
84.22 

(n=39; min=50; 
max=100; sd=20) 

90.91  
(n=79; min 54.0; max 

100; sd 11.1) 

80.00 
(n=81; min 18.0; max 

100; sd 19.5) 
49 – Table 10.6.2.1.2: Comparison of CAR problems between Study 1 and 2 

Next, I statistically compare Study 2-CAR with Study 1-CP4 CAR. Mann-Whitney-U 
test finds significant differences for ACQ (M = 84.05 vs M = 45.33), Z = -5.27, p < .001, r = 
.48, medium effect of ‘coping method’, TIME (M = 95.78 vs M = 46.46), Z = -6.05, p < .001, 
r = .55, strong effect, HOLISTIC (M = 99.83% vs M = 78.19%), Z = -6.05, p < .001, r = .55, 
strong effect, PATTERN (M = -.404 vs M = .066), Z = -5.42, p < .001, r = .495, medium effect, 
SD_ATT (M = .071 vs M = .131), Z = -3.26, p = .001, r = .298, weak effect, SD_ALT (M = 
.070 vs M = .153), Z = -5.99, p < .001, r = .55, strong effect, and EVC_INDEX (M = .091 vs 
M = .233), Z = -3.84, p < .001, r = .38, medium effect. Results for EVC_% (M = 38.01% vs M 
= 35.47%), Z = -1.09, p = .27, and VALUE (M = 84.22% vs M = 80.00%) are not significant 
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on the 95%-level, even though VALUE misses the benchmark closely for a directed hypothesis, 
Z = -1.41, p = .159. Overall, except EVC_% and VALUE variables, the results of the Study 2-
CAR comparison with Study 1-CP1 and Study 1-CP4 are consistent. Choice-processing with 
the ‘clicking feature’ is more exhaustive, alternative-wise, consistent, and with regards to 
extreme value information also more balanced than with the ‘star-rating’. Value model 
consistency might be worse in Study 1-CP4 due to higher structural complexity (Section 8.2). 
Some of the mentioned effects are strong. Results support my assumptions about the inherent 
differences of the two coping methods.  

 
 

10.6.2.2 Presentation Order of Choice Problems 
 
 As Section 10.6.1.2 demonstrated, CP presentation order influences DMs information-
processing behaviour. However, in the Study 2 scenario the influence of presentation order 
cannot be separated from the influence of the prescriptive intervention stage because there are 
only two CPs. An isolated investigation of presentation order is therefore neither appropriate, 
nor possible.  
 

I must assess if this presents an issue for the overall effect analysis of the prescriptive 
intervention in Section 10.6.2.3. For this purpose, I refer to Section 10.6.1.2 results. They 
indicated that with increasing presentation order participants invested less effort to the task. 
More detail can be found in the corresponding chapters, but the main point is that changes due 
to presentation order were generally in the opposing direction of the hypothesised and observed 
effects from the intervention stage. This is because the intervention stage was designed to 
encourage more sophisticated choice-processing behaviour, and its effect was proven at least 
partially during Study 1. Consequently, I argue that if in Study 2 there happens to occur the 
proposed influence on information-processing post-intervention, it would happen despite 
presentation-order effects. I see no reason why the findings from the empirical investigation of 
Study 1 should not transfer to Study 2. Next, I will analyse these overall effects from the 
intervention stage. 
 
 

10.6.2.3 Overall Effects based on between-subjects Analysis 

 
 The effects of the video intervention on choice-processing behaviour will be analysed 
separately for CAR and FLAT. Values for each problem are provided in Table 10.6.2.3.1. 
Condition 1 participants started with CAR and performed FLAT after the video, while for 
Condition 2 the order was reversed. Pre-intervention values were already discussed in Section 
10.6.2.1.3. 
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Variables 
 

CAR 
PRE-Intervention 

 
CAR 

POST-Intervention 

ACQ [freq.] 84.05 
(n=39; min=23; max=207; sd=45.77) 

105.32 
(n=40; min=25; max=235; sd=54.13) 

TIME [sec.] 95.78 
(n=39; min=28.3; max=349.2; sd=57.2) 

96.72 
(n=40; min=25.3; max=232.4; sd=48.8) 

HOLISTIC [%] 99.83 
(n=39; min=93; max=100; sd=.01) 

99.33 
(n=40; min=87; max=100; sd=.03) 

PATTERN -0.404 
(n=39; min=-.94; max=.29; sd=.30) 

-0.427 
(n=40; min=-.95; max=.39; sd=.30) 

SD_ATT .071 
(n=39; min=.01; max=.16; sd=.04) 

.078 
(n=40; min=.01; max=.25; sd=.05) 

SD_ALT .070 
(n=39; min=.02; max=.14; sd=.03) 

.076 
(n=40; min=.03; max=.18; sd=.03) 

R_ATT .007 
(n=39; min=-.98; max=1; sd=.70) 

.128 
(n=40; min=-1; max=1; sd=.74) 

EVC_% [%] 38.01 
(n=39; min=29; max=45; sd=4) 

39.23 
(n=40; min=29; max=54; sd=5) 

EVC_INDEX .091 
(n=39; min=0; max=.29; sd=.07) 

.139 
(n=40; min=0; max=.46; sd=.11) 

CLICKS [freq.] 3.69 
(n=39; min=0; max=6; sd=2.36) 

3.12 
(n=40; min=0; max=6; sd=2.78) 

CLICKS_EVC 
[freq.] 

2.36 (63.96%) 
(n=39; min=0; max=6; sd=1.55) 

1.00 (64.10%) 
(n=40; min=0; max=6; sd=2.00) 

VALUE [%] 84.22 
(n=39; min=50; max=100; sd=20) 

89.11 
(n=40; min=40; max=100; sd=15) 

Variables 
 

FLAT 
PRE-Intervention 

 
FLAT 

POST-Intervention 

ACQ [freq.] 85.67 
(n=39; min=17; max=232; sd=48.01) 

101.95 
(n=38; min=36; max=184; sd=35.57) 

TIME [sec.] 87.57 
(n=39; min=25.0; max=227.3; sd=48.6) 

101.37 
(n=38; min=30.0; max=246.5; sd=50.8) 

HOLISTIC [%] 98.46 
(n=39; min=73; max=100; sd=.05) 

99.12 
(n=38; min=67; max=100; sd=.05) 

PATTERN -0.383 
(n=39; min=-.94; max=.63; sd=.33) 

-0.467 
(n=38; min=-.87; max=.10; sd=.24) 

SD_ATT .083 
(n=39; min=.01; max=.28; sd=.07) 

.105 
(n=38; min=.02; max=.31; sd=.06) 

SD_ALT .074 
(n=39; min=.02; max=.15; sd=.03) 

.070 
(n=38; min=.03; max=.13; sd=.03) 

R_ATT .045 
(n=39; min=-1; max=1; sd=.78) 

-.095 
(n=38; min=-.99; max=.99; sd=.73) 

EVC_% [%] 38.13 
(n=39; min=32; max=46; sd=4) 

37.51 
(n=38; min=28; max=51; sd=6) 

EVC_INDEX .127 
(n=40; min=0; max=.43; sd=.11) 

.131 
(n=39; min=0; max=.39; sd=.10) 

CLICKS [freq.] 2.62 
(n=39; min=0; max=6; sd=2.67) 

3.76 
(n=38; min=0; max=6; sd=2.38) 

CLICKS_EVC 
[freq.] 

1.60 (61.07%) 
(n=40; min=0; max=6; sd=1.82) 

1.38 (63.30%) 
(n=39; min=0; max=6; sd=2.24) 

VALUE [%] 90.80 
(n=39; min=36; max=100; sd=13) 

94.06 
(n=38; min=51; max=100; sd=11) 

50 – Table 10.6.2.3.1: Pre- and post-intervention variable values for CAR and FLAT 
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Post-intervention results for both problem types indicate higher frequencies for 
information acquisitions, as well as longer selection times. Note that selection times are 
increasing for CAR despite the CAR-PRE AVG being influenced by a large outlier of 349.20 
seconds. Moreover, transitioning patterns are more attribute-based and processing of attribute 
information becomes more selective. All these tendencies are consistent with Study 1 findings. 
Regarding extreme value consideration, however, the results differ. For CAR and FLAT, 
EVC_INDEX is higher post-intervention, while EVC_% only increases for CAR. Solely based 
on these numbers the assumption of more sophisticated choice behaviour after the video 
intervention is not supported. However, I argued previously that in Study 2, variables like 
EVC_% and EVC_INDEX cannot be interpreted independent of CLICKS variables.  

 
The utilisation of the ‘clicking feature’ increased compared to the pilot in terms of 

quantity and EVC percentage. Especially, CLICKS_EVC percentage, which was only around 
random-chance level in Table 9.9.1.1, indicates major focus on extreme values in Study 2. All 
values in Table 10.6.2.3.1 are beyond 60%. Therefore, with at least one extreme value cell 
permanently revealed on average, it is sensible that processing around those cells could have 
resulted in more unbalanced EVC_INDEX values, even in case of sophisticated choice 
behaviour. Also, while EVC_% did not further increase in FLAT post-intervention, its 
magnitude is still well above the suggested random-chance level of 35%. As I argued in Section 
9.1.4, it must be assumed that increases in extreme value focus are only healthy within a certain 
range. All EVC_% values in Study 2 are relatively high already compared to Study 1.  

 
Thus, there are reasonable explanations available for the observed EVC variable values 

of Table 10.6.2.3.1, which do not involve a failure of the intervention stage. Supporting this 
line of thinking, VALUE increased post-intervention for both problem types. Next, I analyse 
the overall effects of the prescriptive intervention stage statistically to address the remaining 
hypotheses of Section 10.4.2. 

 
  

10.6.2.3.1 INTERVENTION AND OVERALL PROCESSING EFFORT 
 
 First, I test the intervention stage’s influence on overall processing effort. Hypothesis 
1.1 states that participants will acquire more information and take longer to select their preferred 
alternative post-intervention. This tendency is indeed observed in Table 10.6.2.3.1 for CAR and 
FLAT. To test the changes for statistical significance I select an appropriate test. For either 
problem, I compare values pre- and post-intervention. Thus, there are two groups and samples 
are independent. The corresponding statistical tests for this situation, depending on normality, 
are either Mann-Whitney-U test or independent T-test.  
 
 I begin the analysis with the CAR problem. ACQ values for CAR are not normally-
distributed according to Kolmogorov-Smirnov (ACQ-PRE: p = .017; ACQ-POST: p = .020) 
and Shapiro-Wilk tests (ACQ-PRE: p < .001; ACQ-POST: p = .012). Thus, the null hypothesis 
of normality is rejected. With sizes around 40, the samples are also not large enough to perform 
independent T-test according to Lumley et al (2002). Consequently, I tested the ACQ variable 
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via Mann-Whitney-U test. The corresponding test statistic, Z = -2.01, p = .044, r = .23, weak 
effect of ‘intervention’, indicates that the post-intervention increase (M = 84.05 vs M = 105.32) 
is statistically significant at the 95%-level. For TIME, normality can also not be assumed as 
Shapiro-Wilk rejects the null hypothesis (TIME-PRE: p < .001; TIME-POST: p = .014). Here, 
Mann-Whitney-U finds the change (M = 95.78 vs M = 96.72) to be statistically insignificant, Z 
= -.36, p = .72. Thus, Hypothesis 1.1 is partially supported for CAR. More information was 
acquired after the intervention stage, but the increase in completion time was insignificant.  
 
 For FLAT, ACQ only satisfies normality post-intervention according to Shapiro-Wilk 
(ACQ-PRE: p = .017; ACQ-POST: p = .49). Sample sizes are similar to CAR. Therefore, I 
employ Mann-Whitney-U test again. The analysis finds a significant difference (M = 85.67 vs 
M = 101.95) at the 95%-level, Z = -2.19, p = .029, r = .25, weak effect of ‘intervention’. 
Participants acquired more information from the alternative-attribute matrix after watching the 
video. TIME is not normally distributed. Kolmogorov-Smirnov (TIME-PRE: p = .004; TIME-
POST: p < .001) and Shapiro-Wilk (TIME-PRE: p = .004; TIME-POST: p < .001) tests of 
normality reject the null hypothesis. Since Hypothesis 1.1 is directed, Mann-Whitney-U 
suggests a statistically significant result at the 95%-level, Z = -1.75, p = .080, r = .20, weak 
effect. Participants took longer for their selection in FLAT post-intervention. Hypothesis 1.1 is 
supported. 
 
 

10.6.2.3.2 INTERVENTION AND SELECTIVITY OF PROCESSING 
 
 Hypothesis 2.1 states that the intervention stage will induce more consistent processing 
of alternative information, while impact on attribute information is unclear. Study 1 results 
indicate, however, that participants tend to process more selective on attributes after the 
intervention. This might be caused by saliency effects which originate from the attribute 
importance concept covered in the video. For R, Hypothesis 2.2 proposes that scores should not 
be negative post-intervention. Tendencies in Table 10.6.2.3.1 do not fully support the direction 
stated in the hypotheses. For Car, SD_ALT increased, while for FLAT, R scores were slightly 
negative post-intervention. Both changes might not be statistically significant, however. Next, 
I will test SD and R variable results statistically.  
 
 I begin with CAR. I still compare two groups and all samples remain independent and 
of insufficient size to assume normality via Lumley et al (2002). Therefore, I first test SD_ATT 
and SD_ALT for normality. According to Shapiro-Wilk, the null hypothesis is rejected for both 
post-intervention variables (SD_ATT-POST: p = .004; SD_ALT-POST: p = .003). Therefore, 
I employ Mann-Whitney-U to compare means. For both variables, the test results in non-
significant p-values (SD_ATT: Z = -.69, p = .49; SD_ALT: Z = -.46, p = .65). For CAR, neither 
the post-intervention increase in SD_ATT (M = .071 vs M = .078), nor in SD_ALT (M = .070 
vs M = .076), is significant. The null hypothesis of equal means cannot be rejected based on the 
evidence. Hypothesis 2.1 is not supported.  
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R is not normally distributed according to Shapiro-Wilk (R-PRE: p = .006; R-POST: p 
< .001), while Kolmogorov-Smirnov returns insignificant (R-PRE: p = .125; R-POST: p = .057). 
Due to the inconsistency, I employ a non-parametric test first. Mann-Whitney-U finds the post-
intervention increase (M = .007 vs M = .128) to be insignificant, Z = -.53, p = .59. Given the 
pre-intervention value is very close to 0, there is no conclusive support for Hypothesis 2.2. 
Because Kolmogorov-Smirnov test was insignificant, I confirmed this suspicion with one-
sample T-test against the threshold value of 0. The resulting test statistic, t = 1.09, p = .28, fails 
to surpass the significance threshold; thus, the evidence is not sufficient to conclude that R is 
in fact considerably different to 0. Thus, there is no clear verdict on Hypothesis 2.2.  
 
 Next, I consider FLAT. Shapiro-Wilk rejects the null hypothesis for SD_ATT 
(SD_ATT-PRE: p < .001; SD_ATT-POST: p = .001) but not for SD_ALT (SD_ALT-PRE:  p 
= .189; SD_ALT-POST: p = .726). Thus, I perform Mann-Whitney-U test for the former and 
independent T-test for the later variable. The test statistic for SD_ATT, Z = -1.95, p = .052, r = 
.22, weak effect of ‘intervention, indicates a statistically significant increase (M = .083 vs M = 
.105) only at the 90%-level because its hypothesis is not directed. Thus, there is marginal 
evidence that processing became more selective on attributes after the intervention stage. The 
independent T-test for SD_ALT (M = .074 vs M = .070) is insignificant, however. Levene-test 
(p = .80) suggests variance homogeneity for which the corresponding test statistic, t = -.73, p = 
.47, does not surpass the significance threshold. Post-intervention, participants’ processing of 
alternative information did not become more consistent. Overall, Hypothesis 2.1 is not 
supported.  

 
Lastly, Hypothesis 2.2 remains to be tested for FLAT. In Table 10.6.2.3.1, the post-

intervention score for R_ATT is negative, which if significant, contradicts the hypothesis. I test 
next if there was a significant change due to the video (M = .045 vs M = -.095) and if the 
resulting value is in fact considerably different to 0. First, Shapiro-Wilk rejects the null 
hypothesis of equal means (R_ATT-PRE: p < .001; R_ATT-POST: p = .002), while 
Kolmogorov-Smirnov does so only for R_ATT-PRE (p = .001). Thus, I perform Mann-
Whitney-U to compare means and one-sample T-test to compare R_ATT-POST against the 
threshold value of 0. The result for Mann-Whitney-U, Z = -.85, p = .40, is not significant. 
Consequently, the intervention had no impact on R_ATT. Also, R_ATT-POST was not 
considerably different to 0, t = -.80, p = .43. Therefore, no conclusive verdict on Hypothesis 
2.2 exists for FLAT either. In conclusion, the prescriptive intervention had no impact on SD 
and R variables.  

 
 

10.6.2.3.3 INTERVENTION AND TRANSITIONING BEHAVIOUR 
 
 Hypothesis 3.1 predicts that the intervention stage will induce more attribute-wise 
transitioning behaviour. PATTERN values in Table 10.6.2.3.1 are consistent with that claim 
(CAR: M = -.404 vs M = -.427; FLAT: M = -.383 vs M = -.467). Next, I test for CAR and 
FLAT if those changes are statistically significant. Shapiro-Wilk is not significant for either 
problem (CAR-PRE: p = .36; CAR-POST: p = .49; FLAT-PRE: p = .27; FLAT-POST: p = .49). 
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The null hypothesis of normally distributed values cannot be rejected. Thus, I employ 
independent T-tests to assess the influence of the intervention.  
 
 For CAR, Levene-test indicates variance homogeneity (p = .40). The test statistic, t = 
.33, p = .74, is not statistically significant. In the FLAT problem, variance homogeneity can 
also be assumed (p = .13). Here, the T-test, t = -1.27, p = .21, returns insignificant as well. Thus, 
results for both CPs fail to indicate a statistically significant influence of the intervention stage. 
While observed tendencies support Hypothesis 3.1, the statistical analysis does not provide 
evidence that processing became more attribute-wise. Hypothesis 3.1 is rejected. 
 
  

10.6.2.3.4 INTERVENTION AND EXTREME VALUE CONSIDERATION 
 
 When I derived hypotheses for EVC variables for Study 2, I did not expect that observed 
magnitudes for EVC_% would be as high as 38% pre-intervention (Table 10.6.2.3.1). 
Consequently, I proposed in Hypothesis 4.1 that EVC_% would increase post-intervention, and 
in Hypothesis 4.2 that this increase should go beyond the 35% random-search benchmark. The 
hypothesised increase is only observed for CAR (M =38.01% vs M = 39.23%), but not for 
FLAT (M = 38.13% vs M = 37.51%). Now, I test these changes statistically.  
 

I start with CAR. Tests of normality for EVC_% provide insignificant p-values (e.g. 
Shapiro-Wilk: EVC_%-PRE p = .42; EVC_%-POST p = .84), thus the null hypothesis of 
normally distributed values is not rejected. Accordingly, the appropriate statistical test with 
most power is independent T-test. Levene-test indicates that the variance homogeneity 
assumption is valid (p = .22). The corresponding test statistic, t = -1.08, p = .28, suggests that 
the post-intervention increase is not statistically significant at the 95%-level. We cannot reject 
the null hypothesis that variable means remained equal. There is no support for Hypothesis 
4.1. Next, I test if the post-intervention value significantly exceeds the benchmark of 35%. For 
this matter I employ one-sample T-test against the stated test value. The result, t = 4.88, p < 
.001, d = .77, medium effect, indicates that EVC_%-POST is significantly higher than 35%. 
Consequently, there is support for Hypothesis 4.2. After the video, extreme value consideration 
was at an above random-chance level. 

 
Next, I test EVC_% hypotheses for FLAT. Again, p-values for tests of normality are 

above .05, thus not providing evidence to reject the null hypothesis (e.g. Shapiro-Wilk: 
EVC_%-PRE p = .29; EVC_%-POST p = .27). Therefore, I employ independent T-test to 
compare means. This time variances are not homogeneous (Levene-test: p = .004). Based on 
the corresponding test statistic, t = -.52, p = .60, the null hypothesis of equal means is not 
rejected. Hypothesis 4.1 is not supported. I continue with one-sample T-test to compare 
EVC_%-POST against the 0.35 threshold. The test statistic, t = 2.48, p = .018, d = .40, weak 
effect, supports Hypothesis 4.2. Even though EVC_% decreased post-intervention for FLAT, 
that decrease is statistically not significant at the 95%-level and the resulting value still 
considerably exceeds 35%. The results are consistent across CPs for Study 2. Support for 
Hypothesis 4.1 is hampered by surprisingly high EVC_% scores pre-intervention.  



 250 

 Next, I evaluate EVC_INDEX. Hypothesis 4.3 states that after the video the average 
deviation from 0 will decrease. According to Table 10.6.2.3.1, this is not the case for either CP 
(CAR: M = .091 vs M = .139; FLAT: M = .127 vs M = .131). I discussed a possible explanation 
based on the interaction with the ‘clicking feature’. I test next if post-intervention changes are 
statistically significant. For CAR, the normality assumption is not verified. Shapiro-Wilk 
returns significant (EVC_INDEX-PRE: p = .011; EVC_INDEX-POST: p = .008). Therefore, I 
compare means via Mann-Whitney-U. Since our hypothesis is directed, the resulting test 
statistic, Z = -1.73, p = .084, r = .19, weak effect of ‘intervention’, indicates a significant finding 
at the 95%-level. After the video, EVC_INDEX increased, which indicates less balanced 
consideration of maxima and minima. Hypothesis 4.3 is not supported. In fact, the observed 
effect was in the opposite direction.  
 

According to Shapiro-Wilk, the normality assumption is only verified for the post-
intervention value (EVC_INDEX-PRE: p = .001; EVC_INDEX-POST: p = .077) in FLAT. 
Because of this, I employ Mann-Whitney-U to compare means. The result is not statistically 
significant, Z = -.41, p = .68. There is insufficient evidence to reject the null hypothesis of equal 
means. The intervention had no considerable influence on EVC_INDEX. Hypothesis 4.3 is not 
supported. In this chapter, across CPs, only Hypothesis 4.2 was supported by the evidence. 
Hypothesis 4.1 struggled with high pre-intervention EVC_%, and Hypothesis 4.3 supposedly 
with interaction effects with the ‘clicking feature’.  

 
 

10.6.2.3.5 INTERVENTION AND CLICKING BEHAVIOUR 
 
 Regarding influences on clicking behaviour, Section 10.4.2 suggests three hypotheses. 
Firstly, I expect that the general utilisation of the ‘clicking feature’ will be higher than during 
the pilot. For this, I will compare the main study results with the values given in Table 9.9.1.1. 
Secondly, I propose that the utilisation of clicks will increase post-intervention. Thirdly, I 
expect that the proportion of clicked extreme value cells will increase post-intervention. 
 
 I begin with testing Hypothesis 5.1 for CAR. I select CAR because during the pilot there 
was no counterbalancing scheme implemented. Thus, all participants worked on CAR pre-
intervention and FLAT post-intervention. Further, results in Section 10.6.2.1.3 indicated that 
there were differences in ‘clicking feature’ utilisation between CAR and FLAT during the main 
study. Therefore, it is only sensible to compare CLICKS-PRE of CAR with the pre-intervention 
value of the pilot. Likewise, the post-intervention value needs to be assessed against the 
CLICKS-POST score for FLAT. Evaluating Tables 9.9.1.1 and 10.6.2.3.1, one finds that both 
comparisons show a higher total in the main study (CAR: M = 3.69 vs M = 2.67; FLAT: M = 
3.76 vs M = 3.10), which is consistent with Hypothesis 5.1.  
 

Next, I perform statistical analysis on these differences. First, I validate the normality 
assumption for CLICKS variable to assess if one-sample T-test is appropriately applicable. This 
is not the case, however. Shapiro-Wilk tests for CAR and FLAT all return p-values < .001. For 
this reason, I merged databases of pilot and main study to compare means of the stated groups 
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another way105. All samples are independent because participants in the pilot were excluded 
from the main study, and the number of groups which I compare is equal to two. Because 
normality assumption was not verified above, the appropriate test is Mann-Whitney-U. For 
CAR-PRE values, the comparison with the pilot, Z = -1.05, p = .29, returns insignificant at the 
95%-level. For FLAT-POST, the result does also not surpass the significance threshold, Z = -
.98, p = .33. Therefore, Hypothesis 5.1 is not supported.  

 
For Hypothesis 5.2, I compare means of CLICKS-PRE and -POST totals for CAR and 

FLAT. According to Table 10.6.2.3.1, the proposed trend is only visible for FLAT (M = 2.62 
vs M = 3.76). In CAR, CLICKS decreased instead (M = 3.69 vs M = 3.12). Let me evaluate the 
statistical significance of these observations. Because normality was not verified for CLICKS 
variables, I do so via Mann-Whitney-U test. The result suggests that the decrease in CAR is 
not statistically significant, Z = -.77, p = .44. Ergo, there is no influence of the intervention for 
CAR. Hypothesis 5.2 is not supported, but there is also no effect in the opposing direction. The 
post-intervention increase in FLAT, however, is statistically significant, Z = -1.86, p = .064, r 
= .21, weak effect of ‘intervention’. For FLAT, Hypothesis 5.2 is supported by the evidence. 
Participants who worked on FLAT after the video, utilised the ‘clicking feature’ more often. 

 
Lastly, it remains to evaluate for Hypothesis 5.3 if CLICKS_EVC surpassed the 

random-chance level of 40% post-intervention. Given the averages for CLICKS were 3.12 and 
3.76 for CAR and FLAT, consecutively (Table 10.6.2.3.1), the corresponding thresholds for 
CLICK_EVC are 1.248 and 1.504. In this scenario, I used the one-sample Wilcoxon-test for 
analysis. In comparison to the above situation where I compared values between main and pilot 
study, this time I have only a threshold and no population to compare against. The disadvantage 
of the one-sample Wilcoxon-test is that it compares the median, and not the mean. 
Unfortunately, one-sample T-test is not applicable due to its normality requirement (Shapiro-
Wilk: all p ≤ .002). CLICKS_EVC can only take seven feasible values (0-6), therefore small 
variations can have big impact on its median. This is mirrored in the results. For CAR (median 
= 3), the analysis suggests significant difference to the threshold of 1.248 (p < .001, r = .53, 
strong effect). Therefore, Hypothesis 5.3 is supported.  

 
According to Table 10.6.2.3.1, the percentage of extreme value clicks is just slightly 

smaller for FLAT (M = 64.1% vs M = 63.3%). However, median value for CLICKS_EVC is 
only 2 this time. Analysis finds that this median is not significantly different from 1.504 (p = 
.72). Consequently, Hypothesis 5.3 is rejected for FLAT. Notice the large gap between both 
resulting p-values even though neither the thresholds, nor the CLICKS_EVC percentages, vary 
a lot between CAR and FLAT.  

 
 
 
  

 
105 In the corresponding SPSS output in APPENDICES, STUDY_TYPE 1 refers to the main study values, while 
STUDY_TYPE 2 refers to the pilot. This comment applies to CAR and FLAT. 
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10.6.2.3.6 INTERVENTION AND VALUE MODEL CONSISTENCY 
 
 Hypotheses 6.1 states that VALUE should increase post-intervention for both problem 
types. In Study 1, I failed to detect an impact on value model consistency. Table 10.6.2.3.1 
suggests, however, that the effect might be more apparent in Study 2 (CAR: M = 84.22% vs M 
= 89.11%; FLAT: M = 90.80% vs M = 94.06%). I once more evaluate the normality assumption 
via Shapiro-Wilk test first. The null hypothesis of equal means is rejected for every variable 
(all p < .001). Therefore, I employ the non-parametric Mann-Whitney-U test to compare means. 
For both CPs, the test indicates insignificant results at the 95%-level (CAR: Z = -.54, p = .59; 
FLAT: Z = -1.10, p = .27). Since I must distinguish between CAR and FLAT, the sample size 
is only half of what it had been in Study 1. On these grounds the statistical analysis fails to 
detect a significant influence of the intervention stage on value model consistency for both 
problem types. Hypothesis 6.1 is not supported. 
 
 

10.6.2.3.7 ANALYSIS OF CLICKING BEHAVIOUR 
 
 The analysis of clicking behaviour will be based on an adjusted version of the coding 
mechanism from Section 9.9.4. In the pilot study, I coded themes for each cluster of clicks that 
was separated by at least four process events in the mouse-tracking data. For a theme, I analysed 
the 6-cell sequence prior to every click. As result each subject could contribute up to six themes 
for the analysis. I distinguished ‘alternative’, ’attribute’, ‘comparison’ and ‘EVC’ themes. Only 
cases when all six clicks were spent for extreme values were classified ‘EVC’. Thus, there 
would be only one theme despite the utilisation of six clicks.  Now, I adjust the coding in a way 
to only create one theme per participant to avoid underestimation of ‘EVC’ theme impact.  
 
 The adjustment works as follows: I start by identifying ‘EVC’ themes via CLICKS and 
CLICKS_EVC scores right from the Mouselab database. For ‘EVC’ theme, both values must 
be equal to six. Even if CLICK_EVC equals 100% but not all extreme value cells were opened, 
I disregard that case for ‘EVC’ classification. Likewise, I identify from the database participants 
who did not use the ‘clicking feature’ at all (CLICKS = 0). They represent a new theme that I 
call ‘no-click’. For the remaining subjects, I engage in the same coding procedure which I 
explained in Section 9.9.4 to detect ‘alternative’, ‘attribute’, and ‘comparison’ themes for each 
click. Then, I classify every participant to one of the themes based on which they predominantly 
used. If that is not clear, I categorise them to the ‘mixed’ theme. As result, all subjects will only 
contribute one theme to the analysis. The available themes are ‘no-click’ (in SPSS output, this 
is theme 1), ‘alternative’ (theme 2), ‘attribute’ (theme 3), ‘comparison’ (theme 4), ‘mixed’ 
(theme 5), and ‘EVC’ (theme 6).  
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34 – Figure 10.6.2.3.7.1: Clicking behaviour in CAR 

 
 
Figure 10.6.2.3.7.1 displays the distribution of clicking themes for CAR. The major 

theme pre-intervention, which represents more than half of all cases, is ‘attribute’. 20% of DMs 
in this sample did not use the ‘clicking feature’ at all, while only 1 out of 39 participants was 
categorised as ‘EVC’. For people who clicked, the relative position in the choice process of the 
first click was at 27.25%. After the prescriptive intervention, there are some changes in the 
distribution. Interestingly, the ‘no-click’ theme increases its proportion, mostly taking away 
percentages from ‘attribute’. Even though I cannot directly compare data with the pilot study 
since it did not counterbalance presentation order, the decrease for ‘attribute’ theme is 
surprising (Section 9.9.4). During the pilot, in the post-intervention problem there had occurred 
a stark increase in ‘attribute’. Another, more expected, change after the prescriptive video is a 
slight increase in ‘EVC’ from one to four cases (3% vs 10%). The relative position of the first 
click increases to 29.31%. During the pilot, independent of the intervention, clicks had on 
average occurred later in the process at 45.68% (pre-) and 42.96% (post-intervention).  

 
35 – Figure 10.6.2.3.7.2: Clicking behaviour in FLAT 
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This holds true for FLAT as well. There (Figure 10.6.2.3.7.2), the corresponding values 
are 32.32% (pre-) and 21.26% (post-intervention), which indicates a quicker utilisation of the 
‘clicking feature’ after the prescriptive video. Regarding theme distribution, FLAT results are 
only somewhat consistent with CAR. Here, the proportional non-use of the ‘clicking feature’ 
decreases post-intervention from 44% to 21%. ‘Attribute’ theme, which is the second largest 
theme pre-intervention with 38% gains nothing but remains relatively stable with 37%. The 
remaining themes increase their proportions, while for ‘EVC’ the relative increase is the 
strongest post-intervention (8% to 21% or from three to eight cases). One potential explanation 
for the inconsistency regarding the ‘no-click’ theme is that participants might in fact be 
reluctant to switch between clicking and no-clicking. Due to our two experimental conditions, 
the samples for CAR-POST and FLAT-PRE are identical (likewise for CAR-PRE and FLAT-
POST), which corresponds with the scenarios that had high ‘no-click’ proportions in Figures 
10.6.2.3.7.1 and 10.6.2.3.7.2. Based on this, the findings can be summarised as follows: First, 
the relative mean position in the choice process when the ‘clicking feature’ is first employed is 
consistently earlier in the main study. Secondly, while the intervention may not incentivise a 
switch for if to utilise the ‘clicking feature’ or not, it appears to impact the way the feature is 
used by people who are willing to use it. In those cases, the data suggests a consistent post-
intervention increase for the ‘EVC’ and decrease for the ‘attribute’ theme.  

 
To evaluate the statistical significance of this, I test the homogeneity of clicking-theme 

proportions pre- and post-intervention via Chi-square test. Because of the above-described 
possibility that people might be reluctant to change their general attitude towards the use/non-
use of the ‘clicking feature’, I will not distinguish the sample between CAR and FLAT but only 
with respect to the intervention itself. In SPSS, I created the variables ‘intervention’ and ‘theme’. 
For ‘intervention’, 1 denotes pre-intervention and 2 denotes post-intervention stage. For 
‘theme’, I use the numbers 1-6 to refer to all possible clicking themes as described previously 
in this chapter. The resulting crosstabulation scores can be found in APPENDIX to this section. 
Two cells (‘alternative’/’pre-intervention’ and ‘alternative’/’post-intervention’) had an 
expected count of less than five, which violated Chi-square test requirements. Therefore, I 
merged theme categories as follows. Since I am particularly interested in changes to ‘attribute’ 
and ‘EVC’ themes, I selected one of the other categories, ‘mixed’ for the merger with 
‘alternative’. Consequently, one theme was dropped from analysis. Based on the updated 
crosstabulation, Pearson Chi-square is calculated. The resulting test statistic, χ2(4, n=156) = 
6.07, p = .19, is not statistically significant at the 95%-level. I find insufficient evidence to 
reject the null hypothesis of homogeneous clicking-theme proportions across the intervention 
stage. Consequently, clicking behaviour appears to be affected by the prescriptive intervention, 
but only in terms of quantity (Section 10.6.2.3.5: Hypothesis 5.2 for FLAT) and not content. 

 
Next, I compare information-processing behaviour with respect to clicking themes. 

Analysis in Section 10.6.2.1.3 indicated that choice-processing values used in Table 10.6.2.1.1 
did not significantly vary between CAR and FLAT prior to the intervention stage except for 
CLICKS and CLICKS_EVC. HOLISTIC also signalled a low p-value approaching marginal 
significance and will thus be dropped from analysis. I, next, merge data across problem types 
to achieve larger samples and analyse pre- and post-intervention choice-processing behaviour 
with respect to the clicking themes ‘no-click’, ‘attribute’, ‘comparison’, ‘alternative & mixed’ 
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and ‘EVC’. Table 10.6.2.3.7.1 presents the corresponding values before participants had 
watched the prescriptive video and Table 10.6.2.3.7.2 displays values for the post-intervention 
stage. Bold figures state the mean value and in parentheses I provide minimum, maximum and 
standard deviation values for every variable. Note that for some themes, the samples have small 
sizes despite the merger of ‘alternative’ and ‘mixed’. 

 
Pre-intervention, ACQ and TIME values of Table 10.6.2.3.7.1 indicate the lowest 

processing effort for the ‘no-click’ theme (ACQ: 68.12; TIME: 65.88 sec), while ‘EVC’ has 
the highest (ACQ: 108.25; TIME: 157.65 sec). Transitioning patterns across the board are 
attribute-based with moderate differences in magnitude. Selectivity of processing is relatively 
consistent across attributes and alternatives without major between-theme variations, even 
though ‘no-click’ seems to have the most selective behaviour overall (SD_ATT: .088; 
SD_ALT: .084). R_ATT scores are around 0 for all themes except ‘EVC’ (R_ATT: -.365). 
Interestingly, the negative value for ‘EVC’ suggests that besides all extreme value cells being 
permanently opened, most of the choice-processing time was spent on information that 
belonged to lower priority attributes. This shows that consideration of attribute ranges does not 
necessarily result in proper weighting approaches. The focus on extreme value information 
according to EVC_% is lowest for ‘EVC’ theme (EVC_%: 33.03%), which makes sense since 
these cells were permanently opened. For the remaining themes there are slight variations with 
‘attribute’ having the lowest score (EVC_%: 37.55%) but all mean values being beyond 37.5%. 
EVC_INDEX shows the most unbalanced value for ‘comparison’ (EVC_INDEX: .158), 
however that theme has only a sample size of five. For the other themes scores do not differ 
considerably. More interesting are the variations on VALUE. There, ‘no-click’ outperforms the 
rest (VALUE: 94.19%). Second highest is ‘EVC’ with only 85.14% value model consistency. 
Thus, from an outcome-based perspective ‘no-click’ performs best among all themes pre-
intervention while investing the lowest overall effort. 
 

PRE No-click 
(n=25) 

Attribute 
(n=35) 

Comparison 
(n=5) 

Alternative 
& Mixed 

(n=9) 

EVC 
(n=4) 

ACQ [freq.] 68.12 
(22, 110, 24.52) 

89.89 
(17, 207, 51.77) 

74.60 
(37, 139, 40.76) 

107.11 
(45, 232, 68.61) 

108.25 
 (68, 131, 27.93) 

TIME [sec.] 65.88 
(25, 135, 25.64) 

95.97 
(27, 349, 60.90) 

76.71 
(58, 94, 17.35) 

125.59  
(70, 190, 48.31) 

157.65  
(112, 227, 49.93) 

PATTERN -.242 
 (-.81, .63, .31) 

-.549 
 (-.94, .29, .28) 

-.107 
  (-.28, .26, .21) 

-.352 
  (-.73, .10, .26) 

-.437 
  (-.69, -.27, .18) 

SD_ATT .088 
  (.02, .28, .07) 

.080 
  (.01, .27, .06) 

.044 
  (.02, .08, .03) 

.062 
  (.02, .11, .03) 

.057 
   (.01, .11, .05) 

SD_ALT .084 
  (.03, .15, .03) 

.063 
  (.02, .11, .02) 

.090 
  (.03, .14, .04) 

.069 
  (.03, .11, .03) 

.063 
   (.04, .09, .02) 

R_ATT .077 
(-.99, .99, .79) 

.035 
    (-1, 1, .72) 

.056 
(-.89, .91, .87) 

.009 
  (-.95, 1, .75) 

-.365 
  (-.76, -.07, .29) 

EVC_% [%] 39.05 
    (32, 46, 4) 

37.55 
    (31, 43, 3) 

41.11 
    (37, 46, 4) 

37.89 
    (30, 45, 5) 

33.03 
     (29, 39, 4) 

EVC_INDEX .096 
   (0, .43, .10) 

.117 
   (0, .42, .09) 

.158 
  (.02, .40, .15) 

.109 
   (0, .29, .09) 

.088 
     (0, .18, .07) 

VALUE [%] 94.19 
  (55, 100, 12) 

85.11 
 (36, 100, 19) 

81.46 
  (52, 100, 19) 

82.71 
  (50, 100, 21) 

85.14 
    (72, 100, 12) 

51 – Table 10.6.2.3.7.1: Pre-intervention processing behaviour and clicking themes 
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I find this surprising, therefore I test differences on information-processing variables 
between ‘no-click’ and the ‘rest’ statistically. The two samples are independent. The 
appropriate non-parametric test is Mann-Whitney-U. Results indicate significant differences at 
the 95%-level for TIME, Z = -3.21, p = .001, r = .36, medium effect of ‘clicking theme’, 
PATTERN, Z = -3.01, p = .003, r = .34, medium effect, SD_ALT, Z = -2.64, p = .008, r = .299, 
weak effect, and VALUE, Z = -2.58, p = .010, r = .29, weak effect. ACQ, Z = -1.61, p = .107, 
and EVC_INDEX, Z = -1.48, p = .139, miss the threshold closely. Based on statistical analysis, 
participants categorised in the ‘no-click’ theme invested less time processing, processed less 
attribute-based and more selective on alternatives and achieved higher value model consistency 
than participants who used the ‘clicking feature’. Thus, the ‘clicking feature’ appears not to be 
effective as coping method without prescriptive assistance. 
 

POST No-click 
(n=24) 

Attribute 
(n=25) 

Comparison 
(n=7) 

Alternative 
& Mixed 

(n=10) 

EVC 
(n=12) 

ACQ [freq.] 92.75 
(39, 213, 39.20) 

105.12 
(29, 227, 48.91) 

139.14 
(44, 235, 69.31) 

94.20 
(25, 147, 34.09) 

109.75 
(42, 180, 38.40) 

TIME [sec.] 73.17  
(28, 128, 26.29) 

106.66  
(51, 232, 51.01) 

132.92 
(82, 226, 57.48) 

84.31  
(25, 141, 35.38) 

127.08  
(42, 247, 62.07) 

PATTERN -.296 
 (-.87, .39, .30) 

-.622 
(-.95, -.08, .21) 

-.357 
(-.58, .10, .22) 

-.370 
 (-.71, -.08, .22) 

-.498 
(-.71, -.14, .16) 

SD_ATT .102 
  (.03, .31, .06) 

.080 
  (.02, .19, .05) 

.097 
  (.02, .17, .06) 

.107 
  (.04, .29, 07) 

.075 
   (.01, .14, .04) 

SD_ALT .085 
 (.03, .18, .04) 

.061 
  (.03, .10, .02) 

.072 
  (.03, .11, .03) 

.077 
  (.04, .13, .04) 

.069 
   (.05, .11, .02) 

R_ATT .242 
  (-.99, 1, .78) 

-.402 
   (-1, .98, .64) 

.204 
   (-.52, 1, .63) 

.250 
 (-.99, .91, .72) 

.155 
   (-.95, .97, .67) 

EVC_% [%] 41.28 
    (28, 50, 6) 

37.96 
    (31, 45, 4) 

39.41 
    (32, 45, 5) 

39.96 
    (29, 54, 8) 

31.59 
      (28, 38, 3) 

EVC_INDEX .109 
   (0, .31, .09) 

.135 
   (0, .46, .12) 

.153 
  (.02, .30, .11) 

.185 
  (.03, .31, .10) 

.148 
     (0, .31, .10) 

VALUE [%] 89.25 
  (51, 100, 14) 

93.16 
  (51, 100, 12) 

89.69 
   (78, 100, 9) 

92.35 
  (40, 100, 19) 

93.01 
   (69, 100, 11) 

52 – Table 10.6.2.3.7.2: Post-intervention processing behaviour and clicking themes 

Table 10.6.2.3.7.2 displays information-processing variable values for clicking themes 
after the prescriptive intervention stage. The overall effort remains lowest for ‘no-click’ (ACQ: 
92.75; TIME: 73.17 sec) even though ACQ and TIME scores increased compared to the pre-
intervention situation. Generally, values seem higher for overall effort post-intervention but 
‘Alternative & mixed’ (M = 125.59 sec vs M = 84.31 sec) and ‘EVC’ themes (M = 157.65 sec 
vs M = 127.08 sec) indicate decreased TIME values. Note that those themes should be most 
compatible with the intervention video content (Section 8.4). PATTERNS are still attribute-
based across the board. Processing becomes more selective across attributes, while there is no 
obvious impact across alternatives. ‘No-click’ is most selective (SD_ATT: .102; SD_ALT: .085) 
but ‘Alternative & mixed’ theme comes close second (SD_ATT: .107; SD_ALT: .077). ‘EVC’ 
(SD_ATT: .075; SD_ALT: .069) and ‘Attribute’ (SD_ATT: .080; SD_ALT: .061) process most 
consistent. R_ATT is no longer negative for ‘EVC’ (R_ATT: .155) but only for ‘Attribute’ 
(R_ATT: -.402). EVC variables indicate less balanced consideration of extreme value 
information overall. ‘No-click’ has the highest EVC_% and most balanced EVC_INDEX 
among all themes (EVC_%: 41.28%; EVC_INDEX: .109). Since this theme does not utilise the 
‘clicking feature’, this is not surprising. As I argued previously (Section 10.6.2.3), in the 
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presence of the ‘clicking feature’ the meaningfulness of EVC variable scores may be impaired. 
Regarding value model consistency, I observe a different picture post-intervention. ‘No-click’ 
no longer outperforms other themes but is in fact worst (VALUE: 89.25%). Independent of how 
the ‘clicking feature’ was used, VALUE scores are higher if it was used. Best value model 
consistency is achieved by ‘Attribute’ (VALUE: 93.16%) and ‘EVC’ themes (VALUE: 93.01%) 
with scores beyond 93%. Next, I test differences between ‘no-click’ and the remaining themes 
statistically to compare with the pre-intervention results. 

 
The appropriate statistical test is still Mann-Whitney-U given that not all variables 

satisfy normality (EVC_INDEX). Differences are significant at the 95%-level for TIME, Z = -
3.08, p = .002, r = .35, medium effect of ‘clicking theme’, PATTERN, Z = -3.16, p = .002, r 
= .36, medium effect, SD_ALT, Z = -2.08, p = .037, r = .24, weak effect, R_ATT, Z = -2.01, p 
= .044, r = .23, weak effect, and EVC_%, Z = -3.12, p = .002, r = .35, medium effect. Also, test 
statistic values are close to the significance threshold for ACQ, Z = -1.45, p = .147, 
EVC_INDEX, Z = -1.44, p = .150, and VALUE, Z = -1.44, p = .151. Overall, participants who 
utilised the ‘clicking feature’ post-intervention took longer to select their preferred alternative 
and processed information more attribute-based and more consistent on alternatives. While 
missing the 95%-significance level threshold, there is nevertheless marginal evidence that 
doing so lead to higher value model consistency.  

 
Consequently, I observe a stark contrast in information-processing and clicking 

behaviour with and without prescriptive assistance. Pre-intervention, ‘no-click’ performed best 
in VALUE among themes while investing the least effort. Post-intervention, ‘no-click’ still 
invested less effort than the rest but performed worst. The data suggests there is no clearly 
superior way how to utilise the ‘clicking feature’ after the video, but that it should be utilised. 
As a coping method, the ‘clicking feature’ became only effective after the intervention stage. 
This terminates my analysis on clicking behaviour. An investigation of clicking themes with 
respect to choice strategy types similar to Section 9.9.4, will not be repeated for the main study 
due to the fact that sample sizes of the resulting groups would be too small. Instead, I will look 
at differences between choice strategy types more generally in the next chapter. 

 
 

10.6.2.4 Differences in Choice Strategy Type 
 
 In this chapter I will evaluate differences in choice-processing behaviour that are related 
to the chosen choice strategy types. The analysis for Study 2 considers seven decision strategies, 
which I classified into three MLs in Table 6.2.1. ML1 contains WADD, a sophisticated decision 
strategy that is based on MAVT (Chapter 4). ML2 strategies are HEURISTICS, which utilise 
attribute weights in their procedure. The member HEURISTICS of ML3 do not consider 
attribute weights at all. They are based on simpler counting rules (MCD, FRQ) and satisfaction 
principles (SAT: Simon, 1955). For the analysis in this chapter, I will compare performances 
relative to the MLs.  
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In Table 10.5.2.1 I showed how to identify strategies. Based on the procedure, all cases 
can be distinguished except for LIM/FRQ, which are both identified via Metric 1 but not part 
of the same ML. For the remainder of the thesis, I establish a threshold to distinguish them 
based on their selection times. I argue that LIM is cognitively more demanding than FRQ. The 
literature review in Chapter 4 and experimental results (e.g. Section 10.6.1.3.11) suggested that 
attribute weighting is complicated for DMs even if they receive prescriptive assistance. Thus, I 
expect FRQ users to display shorter selection times. I use an arbitrary cut-off point of 60 
seconds, below which I categorise LIM/FRQ cases as FRQ and vice versa for LIM. 
Accordingly, I added entries for strategy type (1, 2, or 3 based on the ML) into the main 
database for further analysis. 

 
 

10.6.2.4.1 INTERVENTION AND CHOICE STRATEGY DIFFERENCES 
 
For the two CPs of Study 2, I investigate the impact of the intervention stage. The 

corresponding hypotheses from Section 10.4.2 were threefold. Regarding EVC_% and 
EVC_INDEX variables, I proposed that ML1 strategies should perform best based on the 
MRTC argumentation stated in Chapter 7. Now that I have already observed that EVC variable 
results cannot be evaluated without considering clicking behaviour in the previous sections, I 
believe these hypotheses will not be supported. The third, Hypothesis 7.3, stated that, post-
intervention, strategies with attribute weighting will have higher value model consistency than 
ML3 heuristics, with ML1 strategies having the highest. Based on the results of Section 
10.6.2.1.3, I will not distinguish during analysis between CAR and FLAT to maintain larger 
data samples. Similar procedure was used during analysis of clicking behaviour in Section 
10.6.2.3.7. Results for all information-processing variables, except HOLISTIC, CLICKS and 
CLICKS_EVC, are presented in Table 10.6.2.4.1.1 for pre- and in Table 10.6.2.4.1.2 for post-
intervention stages. In parentheses, I state minimum, maximum and standard deviation values. 
 

PRE Macro-Level 1 
(n=7) 

Macro-Level 2 
(n=22) 

Macro-Level 3 
(n=29) 

ACQ [freq.] 79.86 
(22, 207, 64.83) 

94.68 
(23, 204, 51.24) 

88.93 
(24, 232, 44.31) 

TIME [sec.] 119.17  
(27, 349, 110.32) 

90.70  
(28, 190, 45.98) 

89.75  
(25, 227, 43.31) 

PATTERN .127 
(-.14, .63, .28) 

-.480 
(-.93, .14, .31) 

-.315 
(-.74, -.03, .20) 

SD_ATT .091 
(.02, .21, .07) 

.093 
(.01, .28, .06) 

.061 
(.01, .15, .04) 

SD_ALT .087 
(.03, .15, .04) 

.067 
(.03, .12, .02) 

.080 
(.04, .14, .02) 

R_ATT .510 
(-.89, .99, .68) 

-.140 
(-.99, .99, .72) 

.096 
(-.97, 1, .72) 

EVC_% [%] 36.53 
(31, 46, 5) 

38.23 
(33, 44, 4) 

38.46 
(29, 46, 4) 

EVC_INDEX .140 
(0, .43, .14) 

.100 
(0, .35, .08) 

.119 
(0, .42, .11) 

VALUE [%] 74.31 
(51, 100, 21) 

89.97 
(51, 100, 17) 

89.10 
(36, 100, 17) 

53 – Table 10.6.2.4.1.1: Pre-intervention processing behaviour and choice strategies 
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 Unfortunately, despite merging CAR and FLAT data, the occurrence of ML1 strategies 
is rare. The corresponding data samples have only sizes of seven and five. With that in mind, 
the data from Table 10.6.2.4.1.1 suggests that WADD users took longest to select their 
alternatives (TIME: 119.17 sec), while ML3 heuristics selected options in the quickest time 
(TIME: 89.75 sec). I performed Kruskal-Wallis test for independent samples to test the 
between-group differences for significance at the 95%-level since I compare three choice 
strategy categories. The p-values in SPSS for Kruskal-Wallis are 2-tailed but note that with 
three groups one cannot test a directed hypothesis. Regarding overall processing effort, p-
values do not exceed the significance threshold, neither for ACQ, H(2) = 1.36, p = .51, nor for 
TIME, H(2) = .02, p = .99. A significant between-group variation is observed for PATTERN, 
H(2) = 17.63, p < .001. Post-hoc testing confirms that the transitioning patterns of MAVT-
based strategies (ML1) is more alternative-wise than for HEURISTICS, independent if they 
consider attribute weights (M = .127 vs M = -.480; p < .001) or not (M = .127 vs M = -.315; p 
= .008). This is consistent with the literature review in Chapter 6. Between ML2 and ML3 
heuristics exists no difference at the 95%-level, however (M = -.480 vs M = -.315; p = .17). 
EVC variables do not support the direction proposed in Hypotheses 7.1 and 7.2. EVC_% is 
lowest for ML1 strategies (M = 36.53% vs M = 38.23% vs M = 38.46%) and not highest. 
Likewise, EVC_INDEX is highest for WADD (M = .140 vs M = .100 vs M = .119) but not 
lowest. Hypotheses 7.1 and 7.2 are rejected. The probable explanation is an interaction 
between EVC variables and the use of the ‘clicking feature’ since Table 10.6.2.3.1 showed large 
percentages for CLICKS_EVC.  
 

POST Macro-Level 1 
(n=5) 

Macro-Level 2 
(n=27) 

Macro-Level 3 
(n=24) 

ACQ [freq.] 81.80 
(44, 140, 38.11) 

105.59 
(29, 195, 43.58) 

95.92 
(25, 147, 31.66) 

TIME [sec.] 100.17  
(78, 148, 30.49) 

94.83  
(57, 150, 28.57) 

92.03  
(25, 247, 56.16) 

PATTERN .057 
(-.14, .39, .21) 

-.536 
(-.95, .23, .26) 

-.366 
(-.79, .03, .24) 

SD_ATT .102 
(.05, .17, .04) 

.088 
(.01, .25, .05) 

.071 
(.02, .15, .04) 

SD_ALT .087 
(.06, .11, .02) 

.062 
(.03, .11, .02) 

.084 
(.03, .18, .04) 

R_ATT -.217 
(-.99, .24, .46) 

.109 
(-1, 1, .76) 

.025 
(-.99, .98, .78) 

EVC_% [%] 34.05 
(28, 45, 7) 

37.14 
(29, 50, 5) 

40.04 
(29, 54, 7) 

EVC_INDEX .188 
(.13, .30, .07) 

.116 
(0, .46, .11) 

.137 
(0, .31, .11) 

VALUE [%] 94.72 
(83, 100, 8) 

91.17 
(69, 100, 10) 

89.46 
(40, 100, 18) 

54 – Table 10.6.2.4.1.2: Post-intervention processing behaviour and choice strategies 

For the remaining variables I find no significant variation at the 95%-level even though 
R_ATT, H(2) = 4.50, p = .105, and VALUE come close. At the 90%-significance level, 
Kruskal-Wallis test would reject the null hypothesis of equal distributions for VALUE, H(2) = 
5.26, p = .072. Pairwise comparisons indicate that, particularly, ML1 strategies display lower 
value model consistency (M = 74.31% vs M = 89.97%; p = .079) than HEURISTICS with 
attribute weights (ML2). Also, the difference between ML1 and ML3 strategies (M = 74.31% 
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vs M = 89.10%) approaches the 90%-level threshold (p = .108). Accordingly, without 
assistance the performance of ML1 strategies was the worst. The usual finding is that WADD 
is the most accurate strategy, however (Payne & Bettman, 2002). Therefore, this result suggests 
that participants struggled to execute WADD appropriately before the intervention stage. Next, 
I will elaborate on post-intervention values. 
   

According to Table 10.6.2.4.1.2, some of the mentioned trends change post-
intervention. Most noteworthy is the increase in VALUE for ML1 strategies (M = 74.31% vs 
94.72%). Post-intervention their VALUE score is the highest, while ML3 heuristics become 
worst (VALUE: 89.46%). I performed another Kruskal-Wallis test to detect significant 
between-category variations. Results approach or surpass the 95%-significance level only for 
PATTERN, H(2) = 16.36, p < .001, SD_ALT, H(2) = 8.16, p = .017, and EVC_%, H(2) = 5.86, 
p = .053. Thus, the difference in VALUE is insufficient evidence to support Hypothesis 7.3 
even though the trend is as expected (M = 94.72% vs M = 91.17% vs M = 89.46%), H(2) =.92, 
p = .63. A post-intervention sample size of only five for ML1 strategies hampers the insight 
from statistical analysis. Post-hoc pairwise comparisons on significant variables show that ML2 
heuristics transition more attribute-wise than ML3 heuristics (M = -.536 vs M = -.366; p = .041) 
and ML1 strategies (M = -.536 vs M = .057; p = .001). Further, on the 90%-level, ML1 
transitions more alternative-wise than ML3 heuristics as well (M = .057 vs M = -.366; p = .063). 
For SD_ALT, the difference between ML2 and each of the other two categories is statistically 
significant at the 90%-level (ML1: M = .062 vs M = .087, p = .070; ML3: M = .062 vs M = 
.084, p = .066). HEURISTICS that consider attribute weights process alternative information 
most consistently. For EVC_%, even though the Kruskal-Wallis result returns significant at the 
90%-level, none of the post-hoc pairwise comparisons achieves a p-value < .10. 
 

Now that I have evaluated the between-group differences, I will assess the influence of 
the intervention stage on each of the three MLs to test Hypothesis 8.1. Here, I must consider 
if samples are dependent or independent. This turns out to be a difficult decision. Obviously, it 
is the same group of participants, which speaks for a related sample. However, I consider the 
MLs for analysis, between which people can freely switch after the intervention stage. Also, 
the strategy identification procedure was not able to allocate a decision strategy to every subject. 
Therefore, a paired sample may in fact dismiss a lot of data because participants who employ a 
ML1 strategy before the video are not necessarily the same as afterwards. In fact, Table 10.5.2.1 
indicates that only #15 used WADD pre- and post-intervention. #15 was dismissed from data 
analysis though due to a ‘instruction clarity’ score below 3 in the Qualtrics survey. The 
remaining subjects in the sample are all switchers, which suits an independent sample. For ML2 
and ML3, since they have larger sample sizes, dependent sample analysis should be appropriate 
despite the possibility of strategy switching. For all scenarios, the number of groups, which are 
being compared is equal to two. 
 
 Thus, for assessing the impact of the prescriptive intervention on ML1 strategies, I 
performed Mann-Whitney-U test. ML1 strategies displayed increased value model consistency 
post-intervention as it was proposed in Hypothesis 8.1 (M = 74.31% vs M = 94.72%). The 
statistical analysis computes a test statistic, Z = -1.65, p = .106, r = .48, medium effect of 
‘intervention’, which is significant at the 90%-level for a directed hypothesis. The remaining 
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ML1 variables show no similar responsiveness to the intervention stage except for R_ATT (M 
= .510 vs M = -.217), Z = -2.03, p = .048, r = .59, strong effect of ‘intervention’. However, 
R_ATT changes towards a negative score, which is not advisable according to my previous 
discussions. Although, given that the most prioritised information could have been revealed via 
the ‘clicking feature’, I would not overestimate the meaning of this finding in the Study 2 
setting. Overall, results for ML1 strategies partially support Hypothesis 8.1. 
 

For ML2 and ML3 heuristics, I calculated Wilcoxon tests. The paired sample sizes for 
ML2 and ML3 are only seven and eight106, respectively. Statistical analysis for ML2 heuristics 
finds significant results at the 95%-level for the following variables: ACQ (M = 94.68 vs M = 
105.59), Z = -2.38, p = .017, r = .84, strong effect of ‘intervention’, TIME (M = 90.70 sec vs 
M = 94.83 sec), Z = -2.38, p = .017, r = .84, strong effect, and EVC_INDEX (M = .100 vs M = 
.116), Z = -1.96, p = .050, r = .69, strong effect. The change for SD_ALT (M = .067 vs M = 
.062) is significant around the 90%-level for a directed hypothesis, Z = -1.26, p = .207. The 
remaining variables do not come close. For instance, the change in VALUE (M = 89.97% vs 
M = 91.17%) is insignificant, Z = -.85, p = .40. Variations on ACQ and TIME indicate that the 
overall processing effort of ML2 heuristics increased post-intervention. Processing of extreme 
values became more unbalanced, which however, like for R_ATT above, should not be 
overestimated since the ‘clicking feature’ is likely to interfere with EVC processing. The trend 
for SD_ALT indicates more consistent processing of alternative information post-intervention. 
Overall, Hypothesis 8.1 is not supported by ML2 results.  

 
Let us compare this with ML3 heuristics. There, analysis resulted in the following 

values for a directed hypothesis. Test statistics are only significant for SD_ATT (M = .061 vs 
M = .071) at the 95%-level, Z = -1.69, p = .091, r = .64, strong effect of ‘intervention’. At the 
90%-level, also ACQ (M = 88.93 vs M = 95.92), Z = -1.44, p = .150, R_ATT (M = .096 vs M 
= .025), Z = -1.52, p = .128, EVC_INDEX (M = .119 vs M = .137), Z = -1.35, p = .176, and 
VALUE (M = 89.10% vs M = 89.46%106), Z = -1.48, p = .138, surpass the threshold. As above, 
one should be careful in this setting with conclusions based on R_ATT and EVC_INDEX, 
however. ACQ indicates increased overall processing effort post-intervention, while processing 
of attribute information became more selective. On the 90%-significance level, value model 
consistency for ML3 heuristics decreased post-intervention. 

 
Overall, the results indicate that ML1 strategies performed worst on VALUE without 

assistance. The prescriptive intervention had positive impact on WADD, while ML3 heuristics 
displayed mitigated performance on outcome-based measures of choice quality. Unfortunately, 
EVC variables fail to be meaningful in this analysis of Study 2. The trends on the remaining 
variables are mostly consistent with the previous work, however. Post-intervention, generally 
overall processing effort increased, while processing tended to be more selective on attributes 
but more consistent on alternatives. Due to the free choice strategy selection of participants, the 
dependent sample sizes for specific strategies, which could be unambiguously identified, were 

 
106 Due to the use of a dependent sample not only the sample size decreases for ML2 and ML3 analysis, but the 
mean values, which I state to indicate the change prior to each statistical test from Tables 10.6.2.4.1.1 and 
10.6.2.4.1.2 are not entirely precise. Since Wilcoxon test is calculated based on ranks, which are less intuitive to 
interpret apart from their magnitude, I still decided to display those mean values. 
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comparatively small relative to the overall number of subjects. Next, I will analyse strategy-
switching behaviour to assess the last two remaining hypotheses from Section 10.4.2. 
 

 

10.6.2.4.2 EFFECTS OF CHOICE STRATEGY SWITCHING 
 
I proposed in Hypothesis 8.2 that participants who stick with ML1 and ML2 strategies 

post-intervention should display higher value model consistency and extreme value 
consideration than people who switch away from those strategies. Based on my previous 
analysis, I will not overestimate the role of EVC variables though but focus on VALUE instead 
in this chapter. Similarly, I presumed in Hypothesis 8.3 that participants who switch from a 
ML3 heuristic post-intervention should improve on value model consistency.  

 
I added a variable to the SPSS database to distinguish observations of switch/non-

switch. Table 10.6.2.4.2.1 presents information-processing variable values independent of 
problem type, but relative to the intervention stage for choice strategies with (ML1 and ML2) 
and without (ML3) attribute weighting. Pre-intervention, ‘switchers’, regardless of strategy 
type, invest higher overall processing effort than ‘non-switchers’ (ACQ: M = 108.56 & 103.08 
vs M = 58.08 & 73.86; TIME: M = 121.23 sec & 100.77 sec vs M = 61.14 sec & 56.21 sec), 
even though between strategy types there appears to occur no striking variation. Again, I find 
that simpler HEURISTICS (ML3) performed well in terms of value model consistency before 
the prescriptive intervention video. For ML3, ‘switcher’ (M = 91.34% vs M = 88.39%) and 
‘non-switcher’ (M = 97.36% vs M = 89.94%) VALUE scores are higher than for their attribute-
weighting counterparts. Post-intervention, some trends change. After the video, overall 
processing effort generally increases and becomes more homogenously distributed (M = 114.67 
& 118.11 sec vs M = 105.85 & 100.52 sec vs M = 109.58 & 91.64 sec) except for ‘non-switchers’ 
of ML3 heuristics (M = 94.14 & 60.43 sec). Value model consistency also changes in an 
interesting way. ‘Switchers’, independent of strategy type, report top VALUE scores (M = 
95.18% & 96.58%), while the pre-intervention best performing ML3 ‘non-switchers’ become 
worst (M = 84.63%). Next, I test the hypotheses statistically. 

 
I address Hypothesis 8.2 first. The relevant information is situated in the bottom part of 

Table 10.6.2.4.2.1. People who switched away from attribute-weighting strategies after the 
prescriptive intervention achieved higher value model consistency (M = 95.18%), than ML1 
and ML2 users who stuck with their choice strategy (M = 90.77%). Despite that the 
intervention video should be more compatible with this group, it appears that value model 
consistency could not be substantially improved for ‘non-switchers’ (M = 89.94% vs M = 
90.77%). Their main change is an increase in processing effort (M = 58.08 & 61.14 sec vs M = 
109.58 & 91.64 sec). Due to relatively small sample sizes, the shown difference in post-
intervention VALUE between ‘switchers’ and ‘non-switchers’ must not be significant. To test 
this, I performed an independent sample comparison via Mann-Whitney-U test. Note that the 
respective pre-intervention VALUE was almost equal (M = 88.39% vs M = 89.94%), Z = -.04, 
p = .97. The resulting test statistic for the post-intervention difference, Z = -1.99, p = .058, 
indicates that participants who switched from ML1 and ML2 strategies after watching the video 
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achieved higher value model consistency at the 95%-significance level. Hypothesis 8.2 is not 
supported. 

 
 

PRE 
 

 
Switchers ML1 & ML2 (N=9) 

 
ML3 (N=13) 

 
ACQ [freq.] 108.56   (min=46; max=207; sd=55.94) 103.08   (min=42; max=232; sd=52.76) 
TIME [sec.] 121.23   (min=50; max=349; sd=92.02) 100.77   (min=59; max=180; sd=35.83) 
PATTERN -.401     (min=-.90; max=.14; sd=.33) -.297      (min=-.66; max=-.08; sd=.18) 
SD_ATT .101      (min=.02; max=.28; sd=.09) .070       (min=.02; max=.15; sd=.04) 
SD_ALT .070      (min=.05; max=.10; sd=.02) .084       (min=.05; max=.14; sd=.03) 
R_ATT -.228     (min=-.99; max=.96; sd=.68) -.044      (min=-.97; max=1; sd=.80) 
EVC_% [%] 37.76    (min=31; max=43; sd=4) 36.66     (min=29; max=45; sd=5) 
EVC_INDEX .136      (min=.03; max=.35; sd=.09) .093       (min=0; max=.29; sd=.09) 
VALUE [%] 88.39    (min=55; max=100; sd=19) 91.34     (min=70; max=100; sd=13) 
 
Non-Switchers 

 
ML1 & ML2 (N=12) 

 

 
ML3 (N=7) 

 
ACQ [freq.] 58.08    (min=22; max=107; sd=25.03) 73.86    (min=24; max=162; sd=43.57) 
TIME [sec.] 61.14    (min=27; max=85; sd=22.44) 56.21    (min=25; max=107; sd=25.88) 
PATTERN -.360     (min=-.93; max=.63; sd=.42) -.298     (min=-.74; max=-.03; sd=.26) 
SD_ATT .087      (min=.01; max=.21; sd=.06) .043      (min=.02; max=.13; sd=.04) 
SD_ALT .082      (min=.03; max=.15; sd=.03) .088      (min=.07; max=.11; sd=.02) 
R_ATT .235      (min=-.98; max=.99; sd=.79) .532      (min=-.95; max=.95; sd=.67) 
EVC_% [%] 36.13    (min=32; max=42; sd=3) 39.50    (min=33; max=46; sd=5) 
EVC_INDEX .104      (min=0; max=.43; sd=.12) .126      (min=.03; max=.40; sd=.13) 
VALUE [%] 89.94    (min=52; max=100; sd=16) 97.36    (min=89; max=100; sd=5) 

 
POST 

 
 

Switchers ML1 & ML2 (N=9) 
 

ML3 (N=13) 
 

ACQ [freq.] 114.67   (min=92; max=138; sd=16.45) 105.85   (min=44; max=195; sd=42.42) 
TIME [sec.] 118.11   (min=60; max=235; sd=51.68) 100.52   (min=59; max=148; sd=28.99) 
PATTERN -.315      (min=-.67; max=-.08; sd=.18) -.390      (min=-.84; max=.10; sd=.31) 
SD_ATT .079       (min=.04; max=.14; sd=.03) .090       (min=.03; max=.17; sd=.04) 
SD_ALT .080       (min=.03; max=.18; sd=.04) .068       (min=.05; max=.11; sd=.02) 
R_ATT .177       (min=-.97; max=.98; sd=.78) -.238      (min=-.99; max=1; sd=.66) 
EVC_% [%] 39.37     (min=29; max=54; sd=7) 36.69     (min=28; max=45; sd=6) 
EVC_INDEX .145       (min=.03; max=.31; sd=.12) .164       (min=0; max=.46; sd=.13) 
VALUE [%] 95.18     (min=63; max=100; sd=12) 96.58     (min=83; max=100; sd=6) 
 
Non-Switchers 

 
ML1 & ML2 (N=12) 

 

 
ML3 (N=7) 

 
ACQ [freq.] 109.58   (min=48; max=176; sd=35.31) 94.14    (min=39; max=147; sd=34.88) 
TIME [sec.] 91.64     (min=58; max=150; sd=26.30) 60.43    (min=28; max=96; sd=21.47) 
PATTERN -.443     (min=-.95; max=.23; sd=.30) -.170     (min=-.34; max=.03; sd=.15) 
SD_ATT .112      (min=.02; max=.25; sd=.06) .088      (min=.03; max=.15; sd=.04) 
SD_ALT .068      (min=.03; max=.11; sd=.03) .092      (min=.04; max=.16; sd=.04) 
R_ATT .411      (min=-.97; max=1; sd=.69) -.069     (min=-.99; max=.91; sd=.89) 
EVC_% [%] 37.20    (min=30; max=50; sd=6) 39.66    (min=29; max=47; sd=6) 
EVC_INDEX .094      (min=0; max=.18; sd=.07) .190      (min=.02; max=.31; sd=.10) 
VALUE [%] 90.77    (min=77; max=100; sd=8) 84.63    (min=51; max=100; sd=19) 

55 – Table 10.6.2.4.2.1: Information-processing and strategy-switching behaviour 
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Next, I repeated the Mann-Whitney-U test for ML3 heuristics to explore Hypothesis 
8.3. Pre-intervention, there is no significant variation between value model consistency of 
‘switchers’ and ‘non-switchers’ (M = 91.34% vs M = 97.36%), Z = -.70, p = .59. After the 
video, the result is significant at the 90%-level (M = 96.58% vs M = 84.63%), Z = -1.52, p = 
.183, r = .34, medium effect of ‘intervention’, for a directed hypothesis. Based on this, the 
increase in value model consistency is strong enough to support Hypothesis 8.3 at the 90%-
level. The analysis finds that in Study 2 participants who switched choice strategy types relative 
to the presented Macro-Level categories were able to achieve significantly higher VALUE 
scores.  

 
My expectation that DMs who stick with decision strategies, which are more compatible 

with the prescriptive-video content, would yield better outcome-based performances than if 
they switched, was not supported in this setting. Lastly, I performed paired sample Wilcoxon 
tests to evaluate the pre- and post-intervention VALUE scores of ‘non-switchers’ for ML1 & 
ML2 and ML3 strategies. The corresponding results were the following: The expected increase 
for ML1 and ML2 users (M = 89.94% vs M = 90.77%) was not statistically significant, Z = -
.36, p = .72. However, the VALUE decrease that participants who stuck with ML3 heuristics 
experienced (M = 97.36% vs M = 84.63%), surpassed the 90%-significance level, Z = -1.48, p 
= .138. Consequently, the intervention stage did not help DMs who utilised choice strategies 
without attribute weighting. This finalises the data analysis for Study 2. Next, I will discuss all 
experimental findings in Chapter 11. 
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FINDINGS 
 

 
 
In Chapter 11, I discuss the experimental findings of both main studies relative to 

existing literature. Specifically, I elaborate on the following two aspects: First, I debate the 
influence of the complexity manipulation on choice-processing behaviour, as well as choice 
quality. Second, I discuss the influence of the prescriptive intervention stage on choice-
processing behaviour and choice quality. The main findings of interest are the unexpected 
efficiency of choice HEURISTICS across contexts, as well as the persistent difficulty of 
participants to implement MAVT-based strategies effectively. 

 
 

In chapter 12, I conclude this PhD project by summarising its potential main 
contributions. Also, I refer to all relevant limitations to provide the frame under which those 
contributions should be considered. Specifically, I debate limitations with respect to the 
conceptual work and the data-analysis approach of this thesis. I end with an outlook for potential 
future research endeavours. 
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11.  Discussion of Experimental Results 
 

 
 In this chapter I will discuss the experimental findings of this thesis. While doing so, I 
will reference previous studies and contrast my results with the literature. I follow the layout 
used during the two main studies. During the data analysis, I evaluated choice quality based on 
participant’s decision-making processes with help of outcome- and process-based measures. I 
assessed changes to choice-processing behaviour with regards to variations in contextual 
complexity (Study 1) as well as a prescriptive intervention stage (Study 1 & 2). The results 
were summarised in Tables 10.6.1.1 and 10.6.2.1.  
 
 

11.1 Influence of complexity on choice-processing behaviour 
 

I first discuss the findings regarding complexity and choice-processing behaviour. 
Overall, no impact of complexity on choice-processing behaviour could be established, as 
detailed next. 
 
 In this work, I employed process-tracing techniques to capture decision-making 
processes during MA choices. According to Swait & Adamowicz (2001, p.135), there has been 
little linkage in the past between the study of choice strategies and experimental multi-
alternative, multi-attribute choice tasks. Throughout this thesis, I evaluated choice-processing 
behaviour via three traditional measures by Luce et al (1997): Overall processing effort, 
selectivity of processing, and transitioning behaviour (Table 7.1.1). I used ACQ, TIME, 
HOLISTIC, SD, R, and PATTERN variables to assess them. These variables have been utilised 
previously in the same or slightly adjusted manner in numerous process-tracing studies (e.g. 
Payne et al., 1988; Creyer et al., 1990; Bettman et al., 1993; Lurie, 2004; Reisen et al., 2008; 
Rieskamp & Hoffrage, 2008; Queen et al., 2012; Pfeiffer et al., 2014; Sonntag, 2015). In those 
studies, decision strategies which acquire exhaustive information, and process it consistently 
and alternative-wise are regarded as sophisticated (Payne et al., 1993; Shah & Oppenheimer, 
2008). In Study 1, I exploited this fact during strategy identification (Section 10.5.1) to 
distinguish MAVT-based WADD from simplifying choice HEURISTICS because the ordinal 
‘star-rating’ provided opportunity to short-cut through the information-acquisition stage 
(Section 7.3.2).  
 
 In the unassisted CPs of Study 1, contextual complexity was manipulated. There are 
many ways to vary task (e.g. number of attributes and alternatives) and context factors (e.g. 
similarity of alternatives) of decision problems in a way to affect complexity (Payne, 1976; 
Biggs et al., 1985; Johnson et al., 1989; Böckenholt et al., 1991; Bettman et al., 1993; Swait & 
Adamowicz, 2001; Fasolo et al., 2009; Queen et al., 2012; Pfeiffer et al., 2014; Spinks & 
Mortimer, 2016; Meißner et al., 2020). I chose to manipulate attribute ranges and the intra-
attribute spread of performance levels. The former was selected following the recommendation 
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by von Nitzsch & Weber (1993) to study the relationship between attribute range awareness 
and range sensitivity (Section 11.4). The latter was selected to evaluate task performance 
between ordinal and cardinal decision strategies. After the intra-attribute spread manipulation, 
it was predicted in Figure 8.2.3 that ordinal strategies would decrease in value model 
consistency.  
 
 My hypotheses regarding the impact of complexity on choice-processing behaviour 
(Sections 9.1 & 10.4.1) were heavily influenced by early work on the information-processing 
framework on preferences (e.g. Bettman et al., 1993; Payne et al., 1993). This body of work 
claims that, if accuracy goals are relevant, people will strive towards more exhaustive, 
consistent, and alternative-wise search with increasing complexity. Empirical evidence 
reported participants who acquired more information and took longer to process it if contextual 
complexity was high (e.g. Biggs et al., 1985; Payne al., 1988; Fasolo et al., 2003). However, 
many studies did not find an impact of complexity on the information-acquisition pattern (e.g. 
Russo & Dosher, 1983; Luce et al., 1997). Few previous studies even reported an increase in 
attribute-wise search, which is not congruent with the classical understanding of sophisticated 
decision-making (e.g. Pfeiffer et al., 2014). Lastly, the remaining possibility that sometimes 
simpler choice HEURISTICS might be used if complexity increases was discussed as well (e.g. 
Kahn & Baron, 1995; Swait & Adamowicz, 2001).  
 
 My experimental investigation in Study 1 did not observe significant differences in 
neither overall processing effort, nor selectivity of processing, nor transitioning behaviour when 
comparing CPs of varying contextual complexity (Table 10.6.1.1). The results likely 
underestimate the role of complexity, however, due to possible interference with presentation-
order effects. The position of CP4, which represents the most complex choice task of the study, 
had to remain fixed at a later stage of the experiment to enable analysis of the intervention stage. 
The significant effects for CP presentation order (Section 10.6.1.2) signalled that participants 
invested most cognitive effort at the beginning. Therefore, the suspected direction for the 
influence of complexity was opposed to the presentation-order impact.  
 

Another way to look at the influence of complexity is by considering the choice strategy 
selection of participants (Table 10.5.1.1). The within-subject data of the pilot (Section 9.9.2) 
suggested many instances of adaptive behaviour across CPs. This is consistent with the 
literature (e.g. Fasolo, 2003; Rieskamp, 2006; Glöckner et al., 2014; Meißner, 2020). Based on 
my choice-processing hypotheses, the usage rate of the sophisticated WADD strategy should 
theoretically have increased with contextual complexity from CP1-CP4. Practically, because of 
presentation-order effects, an increase in WADD usage rate from CP1-CP3, followed by a 
decrease for CP4 would have been most sensible. The data of Table 10.5.1.1 did not entirely fit 
this account, however. WADD usage rate decreased from CP1-CP2, after which it followed the 
proposed trend above.  

 
Overall, the influence of complexity on choice-processing behaviour was not as 

hypothesised. Statistically, an impact was almost non-detectable. During the unassisted part of 
Study 1, there was no influence on overall processing effort. For selectivity of processing, only 
the SD_F_ALT variable showed weak effects that indicated slightly more consistent choice-



 268 

processing behaviour in more complicated choice scenarios. For transitioning behaviour, I 
found no significant effects. However, it must be noted that opposing presentation-order effects 
may have prompted the underestimation of complexity’s influence. 

 
 

11.2 Influence of complexity on choice quality 
 
 Next, I discuss the influence of complexity on choice quality. Value model consistency 
decreased with increasing contextual complexity, while process-based performance measures 
were not affected. Interestingly, WADD was not able to outperform HEURISTICS in Study 1 
independent of the contextual complexity level. Based on the results, which are detailed next, I 
must recommend the use of HEURISTICS for unassisted non-risky MA choice tasks.  
 

I evaluated choice quality through several mechanisms. First, I used consistency with 
the elicited value model (VALUE) as outcome-based variable. Consistent selections during the 
experiment indicate an accurate process according to Bettman et al (1998). Similar outcome-
based variables are common in the literature (e.g. Klein & Yadav, 1989; Creyer et al., 1990; 
Coupey & Narayanan, 1996; Sonntag, 2015) However, accurate processes could be the result 
of chance. Another approach to assess choice quality is to utilise widely accepted normative 
concepts and translate them into process predictions (Keller & Staelin, 1987; Kahneman, 1994). 
The literature review on decision quality variables (Table 5.3.1) showcased an almost complete 
lack of process-related decision quality measures. Addressing this gap is particularly 
interesting for BOR (Franco & Hämäläinen, 2015). MAVT with its axiomatic foundation (Dyer, 
2016) was identified as a suitable candidate to provide concepts. I was particularly inspired by 
attribute range sensitivity. The normative relationship between attribute range and its weight 
was formalised by von Nitzsch & Weber (1993).  
 

To measure attribute range sensitivity, I computed the RSI index (ibid.), but also 
developed further measures. I coined them measures of attribute range and value trade-off 
consideration (MRTC). Value trade-offs form the second pillar of MRTC because in DA they 
are regarded as one key indicator of high-quality decision-making behaviour (Keeney & Raiffa, 
1976; Keeney, 2002; Hammond et al., 2015). Similar as for attribute range sensitivity, 
appropriate execution of value trade-offs requires to consider the whole range of consequences 
(Keeney, 2002). In a discrete MA choice problem, the boundaries which determine this range 
are the extreme values on each attribute scale. Consequently, I formalised two process-related 
measures of choice quality that evaluate extreme value consideration (EVC). For appropriate 
consideration, I argued it necessary that extreme values cells are acquired at an above random-
chance level (EVC_%) and that the minimum/maximum pair on each attribute scale is 
considered in a balanced manner (EVC_INDEX). 

 
Since my process-based measures are novel, the influence of complexity on choice 

quality has previously often been measured through changes in VALUE instead (e.g. Fasolo et 
al., 2009; Queen et al., 2012). With everything else being equal, the literature suggests people 
achieve lower performance in environments with increased complexity (Bettman et al., 1993). 
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I replicated this finding during analysis. In Study 1, VALUE dropped significantly for the most 
complex task (CP4). If and how participants considered extreme values was not affected, 
however. Results for EVC variables were insignificant at the 95%-level. 

 
Next, I investigated what role the selected choice strategy played for value model 

consistency under varying contextual complexity. In the literature there has recently been 
increasing interest in comparing performance of simple and complex decision approaches in a 
variety of settings (e.g. Todd, 2007; Katsikopoulos, 2011; Simsek, 2013; Keller & 
Katsikopoulos, 2016) given the popularity of the fast-and-frugal heuristics paradigm 
(Gigerenzer & Todd, 1999). The traditional and commonly accepted viewpoint is that 
sophisticated choice strategies offer most accurate results because HEURISTICS inherit 
systematic error (Artinger et al., 2015), but that in certain situations it might be worth to trade-
off losses in accuracy for effort savings (Johnson & Payne, 1985; Shah & Oppenheimer, 2008). 
An example are decision contexts where flat maxima exist (von Winterfeldt & Edwards, 1982). 
In those situations, expected value outcomes are rather insensitive, even to major variations of 
parameters (e.g. attribute weights). Generally, the performance of HEURISTICS is affected by 
the decision environment (Payne et al., 1988; Orquin & Mueller Loose, 2013). Simsek (2013) 
shows the following factors to support their efficiency: dominance, cumulative dominance 
(Baucells et al., 2008), and noncompensatoriness (Hogarth & Karelaia, 2005). Artinger et al 
(2015, p.38) add to this by stating that “in general, simple heuristics tend to be superior to 
complex algorithms under these conditions: greater predictive uncertainty, relatively small 
sample size, and less stable environment”. In the decision-making literature, empirical evidence 
for heuristic’s efficiency is strong for fields such as inference and forecasting, where the focus 
is on prediction (Katsikopoulos et al., 2018).  

 
Except the issue of small sizes for my WADD samples, none of the above conditions 

for HEURISTIC success particularly related to my experimental context. The ordinal ‘star-
rating’ of Study 1 was distributed over alternatives in a way to not create a dominance structure 
(Figure 7.3.1.1). Initial attribute ranges were selected and pre-tested in the pilot to lead to 
roughly equal importance weights for the average individual (Table 9.4.1.3) 107. I granted 
participants free choice on their information-processing approach; thus, I did not influence 
choice strategy selection. If anything, the availability of a performance-dependent 
reimbursement scheme (Bonner & Sprinkle, 2002) and the absence of time pressure (Kahn & 
Baron, 1995) may have emphasised accuracy goals (Creyer et al., 1990). Also, the use of 
mouse-tracking as process-tracing tool may have engaged deliberate decision processing 
(Glöckner & Betsch, 2008). Therefore, participants might have had reason to utilise more 
sophisticated choice strategies. Affonso et al (2020) state that participants should invest most 
effort to achieve their most favoured process goal. The theoretical model used to predict choice 
strategy performance for every choice problem (CP) was in line with these arguments and 
estimated WADD to outperform HEURISTICS in the more complex CP2-CP4, while the ‘star-
rating’ was only consistent with the theoretical value model for the simple CP1 (Figure 8.2.1). 

 
107 The fact that the equal-weight assumption was not verified in the main study should not present a major issue 
to this argument. The deviation was not sufficient to plausibly assume that requirements for noncompensatoriness 
were satisfied (Hogarth & Karelaia, 2005). 
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Based on the above discussion, I expected HEURISTICS to perform well in CP1 but 

lose value model consistency for CP2-CP4. Likewise, I expected WADD to be the most 
accurate choice strategy for CP4. Surprisingly, my empirical investigation (Section 10.6.1.4.1) 
did not fully support the anticipated result. Yes, HEURISTICS were overall recommended for 
CP1 because they took less effort to attain a comparable performance to WADD. However, in 
none of the following CPs WADD achieved significantly higher VALUE than HEURISTICS, 
all the while taking longer to process the information. HEURISTICS even outperformed 
WADD on VALUE during CP2. The results suggest that, independent of the contextual 
complexity level, simplifying HEURISTICS were the superior choice-processing approach if 
no decision aid was provided. The superiority was displayed by higher efficiency. Empirically, 
HEURISTICS achieved at least the same value model consistency as WADD for all conditions 
while processing the information quicker.  

 
How can this result be explained? I believe one aspect is to acknowledge the theoretical 

superiority of WADD 108 while not getting distracted by it. Instead, the focus must be on 
practical application. Katsikopoulos et al (2018, p.22) state that “it is logically possible for a 
simple preference model to perform better than a complex preference model”. I mirrored those 
thoughts during the thesis. I highlighted that it might be necessary to put more emphasis on the 
level of choice strategy execution, rather than constraining analysis on the too-simplistic 
distinction based on general strategy types. There are many ways why DMs may fail to 
implement a sophisticated strategy appropriately. The most obvious reason is that those 
decision strategies involve complex procedures (McDaniels, 2019) which are further subject to 
numerous biases (Morton & Fasolo, 2009; Montibeller & von Winterfeldt, 2015). Differences 
between normative and descriptive decision-making were discussed in Chapter 3. The goal of 
the prescriptive intervention stage will be to bridge the gap between the descriptive and the 
normative (Smith & von Winterfeldt, 2004; Riabacke et al., 2012). I will elaborate on this 
further in the next section. 

 
Overall, the influence of complexity on choice quality can be summarised as follows: 

For the most complex CP4, scores for the outcome-based VALUE variable decreased as 
expected. There was, however, no notable impact of complexity on my suggested process-based 
measures. Further, the hypothesised performance differential between WADD and 
HEURISTIC did not occur. Instead, HEURISTICS achieved at least the same value model 
consistency as WADD for all complexity conditions while processing the information quicker. 

 
     

 
 
 

 
108 In simulation studies, such as Bettman et al (1993), WADD routinely achieves perfect VALUE in all conditions. 
Because HEURISTICS are nested within WADD (Katsikopoulos et al., 2018), they can theoretically at best 
perform equivalent to WADD but never be better. 
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11.3 Influence of the intervention stage on choice-processing behaviour 
 
 In the preceding sections, I discussed some relevant findings regarding the efficiency of 
HEURISTICS during the unassisted parts of Study 1. Here, I now evaluate the influence of the 
prescriptive intervention stage. First, I will assess its influence on choice-processing behaviour. 
The findings, described next, indicate that the intervention stage did impact how participants 
processed their choices. Subjects invested more effort processing after watching the video. 
Also, I observed increased use of the ‘clicking feature’ in Study 2. Overall, I find that 
participants worked harder but not necessarily acted smarter. 
 
 A prescriptive intervention aims to enable DMs to employ normative concepts during 
their decision-making processes (Dyer & Smith, 2020). French (1995, p.243) expresses this 
thought as “using normative models to guide the evolution of the decision makers’ perceptions 
in the direction of an ideal, a consistency, to which they aspire”. A fully executed Decision 
Analysis (DA) procedure would provide support throughout all stages of the decision, 
beginning with recognising, defining, and structuring the problem (Carlson et al., 2008; Franco 
& Montibeller, 2011). Then, by use of value-focused methods (Keeney, 1996; Bond et al., 
2008) one would explore the DM’s objectives and generate suitable alternatives. For the 
discrete MA choice problems, which I utilised during this thesis, these considerations have been 
skipped since a complete interactive DA session with each participant was beyond the scope 
and resources of the project. Therefore, my prescriptive intervention focused on the issue of 
value measurement (Fishburn, 1967). Correct value measurement is crucial to execute the 
remaining steps of DA: Assessing the consequences of each alternative and trading-off 
associated drawbacks and benefits (Carlson et al., 2008).  

 
The normative model to back the prescriptive intervention in this context (see Chapter 

2) is Multi-attribute Value Theory (MAVT: Morton & Fasolo, 2009; Dyer, 2016). Its procedure 
demands appropriate elicitation of ‘marginal value functions’ and ‘attribute weights’. These 
topics have been discussed in depth in Chapter 4. I found for unassisted decision settings 
associated biases to be particularly notorious during the attribute-weighting stage (Montibeller 
& von Winterfeldt, 2015). My overview of the psychological literature on decision strategies 
(Table 6.2.1) indicated that the topic of attribute weighting also matters for many heuristic 
choice approaches. It determines the extent to which a strategy is compensatory and implements 
the concept of value trade-offs (Bruch & Feinberg, 2017). However, the conceptualisation of 
attribute importance is not necessarily identical between psychologists and decision analysts 
(Goldstein, 1990; Morton & Fasolo, 2009). Further, alterations to the weighting procedure are 
one manifestation how HEURISTICS simplify the decision-making process (Shah & 
Oppenheimer, 2008, p.209). There are rules, the normative concept of attribute range 
sensitivity, which should govern weight elicitation according to MAVT (von Nitzsch & Weber, 
1993). In that sense, attribute range consideration represents an ideal (French, 1995) or criterion 
(Brandstätter et al., 2006) to which DMs should aspire. I followed this line of thought while 
designing the prescriptive intervention (Section 8.4).   

 
With regards to choice-processing, the aim of the intervention stage was to encourage 

sophisticated behaviour and subsequently improve choice quality. This means that participants 
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would take longer to make their selection and acquire more information from cells. For 
selectivity, I hypothesised more consistent processing of alternative information. Due to the 
saliency of the attribute importance concept after the prescriptive video, processing patterns 
might become more attribute-wise. I formulated these hypotheses for Study 2 (Table 10.4.2.2) 
but tested the impact also for Study 1. I found the expected post-intervention increase in overall 
processing effort for all choice problems across experiments: Study 1 (ACQ + TIME), Study 
2-CAR (ACQ) and Study 2-FLAT (ACQ + TIME). Selectivity of processing and transitioning 
patterns was only affected for Study 1. There, the processing of alternative information became 
more consistent and attribute-wise.  

 
In Study 2, neither for CAR, nor FLAT, a significant change to SD, R, or PATTERN 

variables could be measured. Especially the (non-existing) results for R_ATT, which measures 
the correlation between attribute weight and the proportion of time spent (or acquisition 
frequencies) on the attribute, were surprising. I expected the correlation to be higher than what 
I observed (Study 1: R_T_ATT = .26; Study 2-CAR: R_ATT = .13; Study 2-FLAT: R_ATT = 
-.10). Rieskamp & Hoffrage (2008) found R scores for WADD strategy between .44 and .63. 
However, Reisen et al (2008, p.654f) noted in the discussion of one of their MA choice 
experiments that “interestingly, the time participants spent on a particular piece of information 
did not depend on the importance they assigned to the attribute containing this information”. 
Thus, such range for R_ATT is not an unprecedented result, however, Reisen et al did not run 
a prescriptive intervention stage. 

 
The experimental designs of Study 1 and 2 differed from each other particularly in the 

implemented coping method: ‘star-rating’ versus ‘clicking feature’. Because of the ability to 
permanently reveal certain pieces of information via the ‘clicking feature’ in Study 2, the post-
intervention choice-processing results may not be as clear as for Study 1. My analysis on 
clicking behaviour revealed that it was affected by the intervention stage (Section 10.6.2.3.5). 
Post-intervention, participants working on FLAT utilised the ‘clicking feature’ more 
extensively than before. For CAR, there was no significant change. More in-depth analysis 
suggests, however, that the effect of the intervention only related to the quantity of clicks but 
not their content (Section 10.6.2.3.7). The type of information that was revealed via clicks, 
which I measured through clicking themes, did not vary with the intervention. 

 
Next, I evaluated the influence of the intervention stage on choice strategy selection as 

this also allows implications on choice-processing behaviour. In Study 1 (Table 10.5.1.1), I 
identified a lower number of WADD users post-intervention. Their frequency decreased from 
15 to 6 or from 18.07% to 6.98%. For Study 2, the number of WADD or Macro-Level 1 (ML1) 
strategy users also decreased. There, the post-intervention change was from 7 to 5 (Section 
10.6.2.4.1.).  

 
The results suggest that the prescriptive intervention lead to changes in the expected 

direction when only considering information-processing variables. Participants invested more 
effort into their selection process, which is one key requirement to be capable to implement 
complicated but sophisticated strategies like WADD successfully. Research shows that 
motivated subjects process information extensively (Zuschke, 2020, p.315) and in 
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compensatory fashion (Pieters & Warlop, 1999, p.4). Further, my analysis indicated increased 
utilisation of the ‘clicking feature’ in FLAT after the video. This implies that participants tried 
to be accurate during the experiment and to exploit the coping method to their advantage.  

 
However, I observed also surprising effects on choice-processing behaviour. For 

instance, the actual usage rates of WADD decreased in both studies post-intervention. Note that 
for the strategy to be identified as WADD, the DM must implement it somewhat correctly, 
otherwise my identification procedures will not detect it. Also, R_ATT values for both 
experiments imply that scores for the correlation between attribute weights and the time 
participants spent processing on the attribute were lower than expected. I discussed previously 
that negative R_ATT scores imply inefficient choice behaviour (Section 9.4.1). Further, while 
the ‘clicking feature’ was utilised more post-intervention, it was not used smarter. The content 
of clicks, as measured by clicking themes, did not change.  

 
Overall, the evidence based on choice-processing variables indicates that subjects tried 

harder but acted not necessarily smarter post-intervention. The impact of the intervention 
video on choice quality, which is the missing piece for this evaluation, is discussed in the next 
section. 

 
 

11.4 Influence of the intervention stage on choice quality 
 
 I finalise the discussion chapter with the assessment of the intervention stage’s impact 
on choice quality. Across both experiments, as detailed next, results suggest that 
HEURISTICS maintained surprisingly good performance even at the post-intervention 
stage. While there appeared to be compatibility effects from the prescriptive video, the 
intervention was unable to unleash the complete theoretical potential of sophisticated choice 
approaches. Moreover, a proportion of HEURISTICS seemed to positively respond to the 
intervention as well. Without a fully executed interactive DA process, WADD failed to 
outperform all heuristic approaches on choice quality.  
 
 I start with an overview of choice quality variables used in both experiments, which 
extends from Section 11.2. The intervention was previously discussed in Sections 8.4 and 11.3. 
For Study 1, I evaluated the overall effects of the intervention on choice quality via process-
based range sensitivity (RSI, DAVG & DNO) and extreme value consideration (EVC_% & 
EVC_INDEX) variables. Further, I utilised VALUE as outcome-based variable. I evaluated 
choice quality also with respect to choice strategy types (WADD versus HEURISTICS) and 
strategy switching (SWITCH versus No-SWITCH).  
 

Strategy switching is referred to in the literature in two ways. First, strategy switching 
can be considered within the same decision-making process (Willemsen & Johnson, 2011, p.33; 
Shi et al., 2013, p.1010; Zuschke, 2020). Previous research indicates that people sometimes use 
a combination or even blending of decision strategies (Herzog & von Helversen, 2018). This 
characteristic is analysed if one assumes different phases within the same process (Johnson et 
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al., 2008, p.264f). The second way is strategy switching from one problem to another (Fasolo 
et al., 2003; Bröder & Schiffer, 2006; Levav et al., 2012; Bröder et al., 2013; Meißner et al., 
2020). Thus, this second streams concerns itself with questions about adaptive or maladaptive 
changes of behaviour by DMs across decision tasks and is therefore interesting for evaluation 
of choice quality. Prior research suggests that DMs tend to be ‘sticky adapters’ (Levav et al., 
2012). Better adaptation behaviour has been related with better reasoning ability (Bröder, 
2003). This suggests that “individuals with higher reasoning ability would be more likely to 
detect the need to shift strategy when needed” (Fasolo et al., 2003, p.221). Therefore, I argued 
throughout the thesis that adaptivity is generally regarded as intelligent behaviour.  
 

I considered strategy types and strategy switching specifically because I wanted to test 
for compatibility effects from the intervention stage. The compatibility viewpoint states that 
people use information for their decision in the way that it is presented to them (Slovic, 1972; 
Tversky et al., 1988; Vessey, 1991; Fischer & Hawkins, 1993). Due to the content of my 
prescriptive video, compensatory choice strategies, and WADD particularly, are most 
compatible with the intervention stage. Therefore, I expected people using compensatory 
strategies (ML1 & ML2) to have higher benefit from the intervention. Likewise, heuristics 
without attribute-weighting (ML3) should perform worse. I observed throughout both 
experiments that unassisted DMs were unable to utilise sophisticated choice strategies 
appropriately, leading to the finding that HEURISTICS were more efficient in that setting. I 
expected this situation to change with the introduction of a prescriptive intervention stage.  

 
I begin the discussion of Study 1 results with attribute range sensitivity. According to 

Table 10.6.1.3.1 and the subsequent statistical analysis, values for RSI, DAVG and DNO were 
bad for unassisted DMs. This replicates prior findings that people fail to adjust attribute weights 
appropriately to manipulations of the attribute ranges (Monat, 2009). They are commonly 
shown to under-adjust weights (Table 4.3.2.1). In my experiment, where three ranges were 
manipulated simultaneously, the deviation to normatively expected values was profound. 
Pöyhönen & Hämäläinen (2000) showed that this mismatch can be mitigated by providing 
careful instructions in an interactive elicitation procedure. The prescriptive video intended to 
replicate this finding but proved unsuccessful. Statistical analysis in Section 10.6.1.3.11 
suggested no improvements after the intervention. Even though I was unable to implement an 
interactive procedure, I do not think that the main issue rests with the video itself. The 
intervention stage has been shown to influence choice-processing in the expected direction 
(Section 11.3). Instead, I believe the main cause for people’s failure to adjust weights correctly 
is the simultaneous manipulation of three attribute ranges rather than one. To consider and 
calculate all associated interactions for the resulting attribute weights is complex. While some 
DMs showcased nevertheless great range sensitivity as well as improvements after the video 
on the individual level, overall, the results indicate that the average participant was 
overwhelmed by the task.  

 
Another plausible explanation is that the range insensitivity bias is hard to debias and 

mere awareness about how weights should be thought of is not enough to remove it. Larrick 
(2004) reasoned this way when assessing the efficiency of training people in decision biases. 
He argues that “just as statistics and economics classes often miss the opportunity to develop 
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people’s intuitions through behavioral examples, courses that contain behavioral decision 
research may miss an opportunity to improve people’s intuitions if they do nothing more than 
demonstrate the flaws. Without accompanying recognition skills and decision tools, it is 
unlikely that “awareness” alone would be sufficient” (ibid., 2004, p.326). 

 
Let us consider the performance on extreme value consideration variables next (Section 

10.6.1.3.9). The first variable, EVC_%, measured the focus paid to extreme value information. 
Before the intervention, its value was around the random-search benchmark (M = 35.47%). 
Post-intervention, EVC_% increased (M = 37.94%: Table 10.6.1.3.1). Statistical analysis 
confirmed that the increase was statistically significant at the 95%-level. Thus, people 
considered extreme value information at an above-chance level after the prescriptive video. For 
appropriate weighting procedures, extreme values must not only be identified and considered 
but also be processed in a balanced manner 109. This was evaluated via the EVC_INDEX 
variable. Here, the statistical analysis also suggested a post-intervention improvement (M 
= .233 vs M = .160). EVC_INDEX decreased, while a score of 0 would be ideal. The decrease 
was statistically significant at the 90%-level but likely underestimated due to opposing 
presentation-order effects. In Section 10.6.1.2, I found that with increasing presentation order 
of choice problems, EVC_INDEX increased as well. Therefore, the prescriptive intervention 
induced changes in behaviour, which I related to more sophisticated choice processes, even 
though range sensitivity scores overall did not improve. 

 
Next, I discuss if improved processes also resulted in higher average value model 

consistency. It would be desirable that process- and outcome-based measures indicated 
consistent findings. The analysis in Section 10.6.1.3.10 suggests that this was not the case, 
however. The effect of the intervention stage on VALUE was insignificant. Therefore, I debated 
during data analysis if compatibility effects might be at work. Different choice strategies may 
exert heterogeneous responses to the intervention stage. During the pilot study (Section 9.4.2), 
I had identified several such instances, when participants ‘got hurt by the intervention’. 
Consequently, let me discuss the results with respect to choice strategy types. 

 
In Study 1, I distinguished between WADD and HEURISTICS. The post-intervention 

performance of both strategy types is displayed in Table 10.6.1.4.1. There are three interesting 
findings: First, as reported in Section 11.3, the amount of WADD users decreased post-
intervention. This was unexpected because WADD is most compatible with the video content. 
Unfortunately, this fact also limited my ability to execute WADD-specific statistical analysis. 
Second, HEURISTICS displayed great responsiveness to the prescriptive video (Table 
10.6.1.4.2). Post-intervention they invested more effort, processed more consistent on 
alternative information, and considered more extreme values than before. These changes are 
consistent with sophisticated choice-processing behaviour. Also, the processing pattern became 
more attribute-wise, while processing of attribute information became more selective. This 
might have been caused by saliency effects due to the video, which emphasised the attribute 
importance concept. Traditional interpretation of these choice-processing changes suggests 

 
109 Balanced consideration requires the DM to focus on the maximum and minimum performance level on each 
attribute equivalently. 



 276 

overall a positive effect on process quality for HEURISTICS. VALUE did not improve 
considerably, however. Third, I did not find an equivalent positive response for WADD. The 
post-intervention between-type analysis found that HEURISTICS still performed at least as 
good as WADD on all choice-quality measures, such as VALUE,  EVC_% and EVC_INDEX, 
while they invested less time selecting.  

 
Thus, HEURISTICS remained more efficient than WADD even after the prescriptive 

intervention stage. This extends the scope of the reported finding on the efficiency of 
HEURISTICS in Section 11.2. Observed results for Study 1 are not consistent with a 
compatibility viewpoint. The level of strategy execution appears to be more relevant for choice 
quality than strategy type. Compatibility with the intervention stage is insufficient to guarantee 
a good level of strategy execution. 

 
Due to the small amount of people utilising WADD post-intervention, I analysed effects 

of strategy switching for Study 1 independent of the type of switch that occurred. I found that 
pre-intervention, ‘switchers’ processed information more sophisticated than ‘non-switchers’ 
(Section 10.6.1.4.3). They processed information longer and more consistent on attributes and 
alternatives. Reasoning ability has been related to the ability to detect advantageous choice 
strategy shifts (Bröder, 2003; Fasolo et al., 2003). I would expect people with higher reasoning 
ability to utilise more sophisticated choice strategies in this complex setting. Therefore, this 
finding seems consistent with the previous literature. The between-group differences on choice-
processing remained after the intervention. However, there was no significant between-group 
variation regarding value model consistency after the video. This is another manifestation of 
my finding that better processes did not always translate into better outcome-based choice 
quality scores.  

 
Further, results suggest that people who did not switch strategy post-intervention had 

overall a more positive reaction to the intervention stage. This also appears reasonable. 
Implementing the concepts from the prescriptive video into the existing strategy might be easier 
than translating it into a new choice approach. Recall that Study 1 did not further distinguish 
HEURISTICS according to their compensatory nature. Therefore, also the proportion of 
HEURISTICS, which utilises attribute importance, should benefit from the intervention. 
During the strategy type discussion, I mentioned that HEURISTICS even displayed an overall 
positive reaction to the prescriptive intervention.   

 
Next, I discuss the influence of the intervention stage on choice quality measures for 

Study 2. The main differences were the absence of an attribute range manipulation and the 
addition of the ‘clicking feature’. Overall effects on choice quality were measured by process-
based extreme value consideration and outcome-based value model consistency. Further, I 
replicated the analysis on choice strategy types and strategy-switching behaviour from Study 1. 
Also, I will discuss choice quality and extreme value consideration with respect to clicking 
themes (Sections 10.6.2.3.5 & 10.6.2.3.7).  

 
Extreme value consideration analysis led to the following results for Study 2: Post-

intervention, participants in CAR and FLAT acquired extreme value cells at an above-chance 
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level (Section 10.6.2.3.4). This result is consistent with Study 1. However, EVC_% already 
reported values beyond 35% prior to the prescriptive video. Changes on EVC_% after the 
intervention stage were not significant for either CP. Since the initial values were already of the 
magnitude, which Study 1 displayed post-intervention, I do not regard this as a failure of the 
intervention. It must be assumed that the EVC_% variable inhibits for each choice environment 
a reasonable upper barrier beyond which the marginal benefit of further focus on extreme values 
disappears. Results for EVC_INDEX were unexpected, however. While there was no 
significant change for FLAT, the consideration of extreme values became more unbalanced for 
CAR. This opposes the hypothesised direction. During further analysis, I figured that the 
‘clicking feature’ is likely to interfere with some of the choice-processing measures. For 
instance, if minimum values were clicked and thus permanently revealed, the DM had no longer 
reason to hover the corresponding cells. Such effects may produce unbalanced EVC_INDEX 
scores even in the presence of sophisticated choice-processing behaviour. Therefore, I argue to 
not overestimate findings for EVC variables in the Study 2 setting. Instead, I will discuss 
extreme value consideration with respect to clicking themes later.      

 
Value model consistency improved post-intervention for CAR and FLAT (Table 

10.6.2.3.1). However, statistical analysis did not find the changes to be significant for either CP 
(Section 10.6.2.3.6). Note that due to there being two CPs, the sample size was cut in half, 
which decreased the power of the statistical model. Like for Study 1, I tested next if the inability 
to detect significant overall VALUE increases after the prescriptive intervention stage might 
have been connected to compatibility effects. 

 
Consequently, I assessed choice-processing behaviour with respect to different strategy 

types in Section 10.6.2.4.1. The choice strategy identification procedure for Study 2 allowed a 
more fine-grained distinction of approaches with respect to their compensatory nature based on 
three Macro-Levels (Section 10.5.2). ML1 were MAVT-based strategies like WADD, ML2 
were heuristics with attribute-weighting, and ML3 were heuristics without attribute-weighting. 
According to traditional accounts, the MAVT-based WADD strategy should be overall most 
accurate (Payne & Bettman, 2002). First, let me discuss the situation before the intervention 
stage. Table 10.6.2.4.1.1 and the subsequent statistical analysis indicated that the expectations 
were not confirmed in my experiment. At the 90%-level significance level, ML1 strategies 
performed worse in VALUE than ML2 heuristics. Even heuristics without attribute-weighting 
(ML3) missed the 90%-level threshold to outperform ML1 strategies only closely (p = .108). 
The only other significant between-group variation was that ML1 strategies processed 
information more alternative-wise than ML2 and ML3 heuristics. Therefore, the analysis 
suggests that in the unassisted part of Study 2, MAVT-based strategies performed worst among 
the strategy types. This finding is surprisingly consistent with Study 1. In Study 2, I again 
observed unexpectedly efficient performing HEURISTICS in the unassisted stage, even 
compared to theoretically normative ML1 strategies. This implies that unassisted DMs 
struggled to execute MAVT-based strategies correctly.  

 
Second, I elaborate if the intervention had any impact on the above finding. The 

expectation was that choice approaches with attribute-weighting, and especially WADD, would 
benefit more from the content of the video intervention due to higher compatibility. According 
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to Table 10.6.2.4.1.2, ML1 strategies indeed improved the most on VALUE. The increase for 
WADD only slightly missed the 95%-significance level threshold. Incompatible ML3 
heuristics on the other hand, lost value model consistency on the 90%-significance level. 
Independent of attribute-weighting, HEURISTICS again displayed responsiveness to the 
intervention stage. ML2 and ML3 heuristics both invested higher overall processing effort at 
the post-intervention selection task. Overall, the findings on the influence of the intervention 
on VALUE were consistent with a compatibility viewpoint. Nevertheless, the post-intervention 
between-group VALUE differences were not significant. While WADD won and non-weighing 
heuristics lost, the resulting picture was that all choice strategy types displayed statistically 
equivalent VALUE performance. This finding is also consistent with Study 1. HEURISTICS 
remained competitive with WADD even after the intervention stage. Apparently, the 
prescriptive video was not sufficient to help DMs unleash the complete potential of WADD. 
Instead, some HEURISTICS displayed surprising responsiveness. I conclude that the 5-minute 
video intervention could not replace a fully executed interactive DA process. While it helped 
WADD users to perform better, the gap, which was initially caused by unassisted DMs, was 
too severe to be bridged.  

 
The analysis on strategy-switching behaviour was summarised in Table 10.6.2.4.2.1. 

Results were mixed with respect to my hypotheses. I expected that strategy switching would be 
particularly useful for DMs who switched from non-weighting choice strategies (ML3). For 
scenarios where people started out with a weighting strategy, I assumed benefits from non-
switching due to potential compatibility effects from the intervention. Likewise, I expected non-
switching, non-weighting approaches to not benefit from the intervention. The statistical 
analysis (Section 10.6.2.4.2) suggests that switching from ML3 to ML2 or ML1 strategies in 
fact improved value model consistency, which is coherent with my expectations. Moreover, 
non-weighting ML3 heuristics who stuck with their strategies post-intervention, experienced 
significant VALUE decrease, becoming the worst performing group. These findings fit the 
compatibility viewpoint. Surprising was, however, that weighting ML1 and ML2 approaches 
were incapable to significantly increase VALUE post-intervention. Also, analysis showed that 
switching away from ML1 and ML2 strategies lead to higher VALUE scores. Therefore, 
strategy switchers improved value model consistency independent of the kind of switch that 
occurred. At the same time, DMs who stuck with weighting ML1 and ML2 strategies 
maintained their performance and people who stuck with non-weighting ML3 heuristics lost 
VALUE. Again, it seems that compatibility effects existed to some extent but that the 
prescriptive intervention was incapable to unleash the full potential of properly weighting 
choice strategies.  

 
Lastly, I revisit the topic of extreme value consideration. This time in the form of 

analysing clicking themes. I created six distinct clicking themes (Section 10.6.2.3.7) into which 
I classified participants based on observed clicking behaviour. Here, the ‘clicking feature’ was 
not a disruptive factor for analysis of choice-processing measures anymore. Instead, each 
conscious decision which information to click or not to click could be interpreted with regards 
to extreme value consideration. Section 10.6.2.3.5 suggests that clicking was utilised more in 
Study 2 than during the pilot and especially after the intervention stage. Given the previously 
discussed complexity of implementing a sophisticated choice strategy like WADD, I expected 
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motivated DMs to exploit the coping method to their advantage and engage with the ‘EVC’ 
theme. DMs who did not rely on complicated calculations may instead ignore the ‘clicking 
feature’.  

 
Therefore, I particularly discuss the impact of the intervention on the ‘no-click’ and 

‘EVC’ themes next. I found to my surprise that pre-intervention, ‘no-click’ was able to 
outperform other clicking themes. DMs in ‘no-click’ used less time acquiring and processing 
information but achieved higher value model consistency. Once again, simple choice 
approaches were competitive if unassisted. Also, only four participants were classified into 
‘EVC’ before the intervention (Table 10.6.2.3.7.1). This number increased to 12 post-
intervention (Table 10.6.2.3.7.2). The performance of ‘no-click’ decreased from best to worst 
post-intervention. However, all clicking themes increased VALUE after the video not just 
‘EVC’. Therefore, independent of how the ‘clicking feature’ was utilised post-intervention, 
participants who took advantage of it improved performance. I interpret this as success for the 
prescriptive intervention stage. Its success was not dependent on the choice strategy being 
MAVT-based, however. All clicking themes improved performance, and even for the ‘EVC’ 
theme, there existed HEURISTICS who had reason to consider extreme values appropriately 
(ML2 heuristics). Consequently, it is likely, although I could not directly measure it, that a 
proportion of HEURISTICS was positively responsive to the intervention stage of Study 2 as 
well.    

 
Overall, the influence of the intervention stage on choice quality can be summarised as 

follows: In Study 1, I found statistical evidence that extreme value consideration improved post-
intervention. The improvements on process-based choice quality variables were not limited to 
compatible MAVT-based choice strategies, however. Rather, I found positive changes for 
HEURISTICS that were statistically significant (Table 10.6.1.4.2). Outcome-based VALUE 
and range sensitivity measures did not improve overall. Post-intervention, HEURISTICS still 
performed at least as good as WADD on all choice-quality measures, such as VALUE,  EVC_% 
and EVC_INDEX, while they invested less time selecting. In Study 2, I failed to detect similar 
improvements on process-based measures due to likely interference with the ‘clicking feature’. 
Instead, I evaluated extreme value consideration via analysis of clicking themes. Independent 
of how the ‘clicking feature’ was utilised post-intervention, participants who took advantage of 
it improved performance on average. However, overall, value model consistency did not 
increase. Again, HEURISTICS remained competitive with WADD in terms of performance 
after the intervention stage, although people who stuck with non-weighing ML3 HEURISTICS 
displayed a decrease in value model consistency. The prescriptive intervention was unable to 
unleash the complete theoretical potential of MAVT-based strategies. 
 
 This concludes my discussion of experimental findings. I have identified several 
interesting themes from my statistical analysis, which I will summarise in Chapter 12. Also, I 
will report on potential limitations of the analysis, which I have not previously raised. I will 
also discuss ways how this work on process-tracing choice quality could encourage future 
research endeavours.    
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12. Conclusions, Limitations, and Directions for Further Research 
 
 

In this conclusion chapter I will summarise the main potential contributions and 
limitations of this thesis. I will end with suggestions how future research could utilise and 
extend my results. 

 
 

 12.1 Potential Contributions 
 

During Chapter 11, I discussed results and potential contributions of this research 
project. In what follows, I want to point out what I regard as the three most interesting insights. 
The first contribution, the creation and evaluation of a process-based measure of choice quality, 
addressed a long-standing research gap (Section 5.3). The other two insights relate to observed 
efficiency of choice HEURISTICS in two unexpected settings.  

 
 

12.1.1 The creation and evaluation of a process-based measure of choice quality 
 

This research project addressed the lack of process-based variables that can be utilised 
to investigate choice quality based on the decision-making process itself. The normative 
principle I employed as external criterion stemmed from MAVT, and research on attribute 
range sensitivity in particular (Section 4.3). From this principle, I derived the measures of 
attribute range and value trade-off consideration (MRTC) concept. It argues that extreme value 
consideration is crucial for the proper execution of sophisticated but also many simplifying 
choice strategies during MA selection tasks (Chapter 7). To enable the evaluation of extreme 
value consideration, I designed two distinct experimental set-ups and two process measures.  

 
I utilised mouse-tracking technology to collect process data while participants 

performed MA choices. Both experiments exploited the ‘bounded rationality’ of DMs by 
supplying coping methods which made it feasible to assess extreme value consideration. In 
Study 1, the coping method was a ‘star-rating’, which provided an ordinal ranking on each 
alternative’s performance levels for every attribute. The star-rating incentivised DMs to process 
their choices strategically. Consequently, I could compare the performance of different choice 
approaches in a variety of settings. For this assessment, I developed the EVC_% and 
EVC_INDEX variables. They measured focus on extreme values during the choice, and the 
way that this information was evaluated by DMs. I reasoned that focus should be at an above 
random-search level and that consideration of maximum and minimum values should be 
balanced to imply sophisticated choice-processing behaviour. The coping method of Study 2 
was a ’clicking feature’, which enabled DMs to decide to permanently reveal a limited amount 
of information from the alternative-attribute matrix to aid their choice process. Since each 
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clicking decision can be regarded as its own conscious choice, the analysis of clicking themes 
enabled the assessment of extreme value consideration as well. 

 
 I utilised a combination of the stated process- and other outcome-based measures to 

evaluate the influence of contextual complexity and a prescriptive intervention stage on choice-
processing behaviour and choice quality. During the analysis of both experiments, I found that 
better processes did not always lead to better outcomes. Further, simplifying choice 
HEURISTICS did not necessarily display inferior choice-processing relative to EVC than 
sophisticated strategies, and vice versa. The analysis suggested that appropriate strategy 
execution might be more indicative of a positive outcome than choice strategy type. 
Specifically, I identified two surprising but re-occurring themes with regards to this point.  

 
 

12.1.2 The efficiency of heuristics in unassisted MA choice 
 

HEURISTICS performed on average at least as good as MAVT-based choice 
approaches during the unassisted stages of both experiments. This was rather unexpected 
because my experiments dealt with a MA choice context for which there is yet little evidence 
for heuristic efficiency. Previous literature reported such evidence for decision environments 
that inherit (cumulative) dominance, noncompensatoriness, predictive uncertainty, small 
samples, and instability (e.g. Hogarth & Karelaia, 2005; Baucells et al., 2008; Simsek, 2013; 
Artinger et al., 2015; Katsikopoulos et al., 2018). None of this applied particularly to the 
complex, discrete and non-risky MA choice tasks which I utilised (Section 11.2). Also, I 
predicted choice strategy performance based on simple assumptions for Study 1 in a model, 
which also did not estimate for HEURISTICS to remain competitive in the more complex 
selection tasks (Section 8.1). Table 12.1.2.1 summarises the relevant experimental findings for 
the unassisted conditions of both main studies. The number in brackets states the significance 
level. The in-depth analysis can be bound in Chapter 10. 
 

Study 1 Study 2 
Choice quality variables (95%-level): 
 Difference in value model consistency 

between ML1 and ML2-3 strategies was 
non-significant. 

 Difference in extreme value 
consideration between ML1 and ML2-3 
strategies was non-significant. 

Value model consistency (90%-level): 
 ML1 strategies showed worse value 

model consistency than ML2 heuristics. 
The difference between ML1 and ML3 
strategies approached significance. This 
may indicate problems of ML1 strategy 
execution if no prescriptive assistance is 
provided. 
 

Effort (95%-level): 
 ML2-3 heuristics invested less effort 

than ML1 strategies. 

Effort (95%-level): 
 The difference in effort between ML1, 

ML2, and ML3 strategies was non-
significant. 

56 – Table 12.1.2.1: Summary of experimental findings for unassisted DMs 
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The fact that HEURISTICS displayed this relative efficiency, nevertheless, also results 
from the surprising under-achievement of MAVT-based strategies. Unassisted WADD users in 
both experiments were on average not able to exploit the theoretical advantage that is provided 
by WADD’s normative foundation. This implies inappropriate WADD strategy execution when 
no decision aid was provided. In Study 1, the pre-intervention value model consistency of 
WADD and HEURISTICS was statistically equivalent. However, HEURISTICS showed 
higher efficiency by investing significantly less effort. In the pre-intervention task of Study 2, 
WADD performed worse than attribute-weighting HEURISTICS on value model consistency. 
Further, non-weighting HEURISTICS only closely missed the threshold to significantly 
outperform WADD as well. It is well established that WADD involves complex computations 
(Chapter 6). Therefore, I tested next if prescriptive intervention might help to bridge the gap 
between its normative potential and the observed performance.  

 
 

12.1.3 The efficiency of heuristics in assisted MA choice 
 
Rather surprisingly, given the decision context as described above, at the post-

intervention stage of both experiments HEURISTICS still maintained a statistically equivalent 
value model consistency to WADD. The prescriptive intervention video was recorded to 
encourage and teach people to consider extreme values (Section 8.4). Specifically, it covered 
the topics of attribute importance and value trade-offs. Previous research showed that this can 
increase attribute range sensitivity, which is a concept most compatible with the MAVT-based 
WADD strategy (Section 4.3). Thus, following a compatibility argument, the theory suggested 
that the intervention’s helpfulness would depend on the way that attribute-weighting is 
considered by choice strategies, with WADD supposedly having the greatest benefit. Table 
12.1.3.1 summarises the relevant experimental findings for the assisted conditions of both main 
studies. The number in brackets states the significance level. The in-depth analysis can be found 
in Chapter 10. 

 
Some post-intervention changes to processing behaviour were consistent with a 

compatibility viewpoint. For instance, in Study 2, WADD improved value model consistency 
significantly, while it decreased for non-weighting HEURISTICS. Similarly, based on clicking 
theme analysis, I found that simpler approaches, which did not require to use the coping method, 
decreased in performance from best to worst. Nevertheless, the post-intervention performance 
gap between choice strategy categories remained statistically insignificant in both studies. A 
reason for this might be that some HEURISTICS showed surprising responsiveness to the 
intervention as well. In fact, according to my discussion in Chapter 11, the overall effect on 
processing behaviour of HEURISTICS was positive in Study 1.   

 
In conclusion, the analysis in this thesis suggests that HEURISTICS are flexible 

methods, which can be recommended to approach unfamiliar MA choices when no proper 
Decision Analysis can be provided (Section 1.2). Decision Analysis is used to aid decision-
making in the real-world in consequential high-stakes contexts. The prescriptive video was 
incapable to replace the fully executed interactive Decision Analysis procedure because even 
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though it encouraged certain improvements in processing behaviour, it failed to unleash the full 
theoretical potential of MAVT-based choice strategies.  
 

Study 1 Study 2 
Choice quality variables (95%-level): 
 ML2-3 heuristics showed improved 

extreme value consideration. 
 The difference in value model 

consistency between ML1 and ML2-3 
strategies was non-significant. 

 The difference in extreme value 
consideration between ML1 and ML2-3 
strategies was non-significant. 
 

Value model consistency (90%-level): 
 ML1 strategies improved value model 

consistency, ML2 heuristics showed no 
significant change, and ML3 heuristics 
decreased value model consistency. 

 The difference in value model 
consistency between ML1 and ML2 
strategies was non-significant. 

 The difference in value model 
consistency between ML1 and ML3 
strategies was non-significant.  

 
Effort (95%-level): 
 ML2-3 heuristics invested more effort. 
 ML2-3 heuristics invested less effort 

than ML1 strategies. 
 

Effort (90%-level): 
 ML2 and ML3 heuristics invested more 

effort.  
 The difference in effort between ML1, 

ML2, and ML3 strategies was non-
significant. 

57 – Table 12.1.3.1: Summary of experimental findings for assisted DMs 

I believe my results represent a potential contribution because they emphasise to focus 
on practical application and execution of choice strategies. So far, there was a lack of rigorous 
experimental research on human behaviour with models (O’Keefe, 2016). MAVT-based 
strategies like WADD have previously been considered as a kind of gold standard against which 
alternative choice approaches have been compared. Two examples that have been used in this 
thesis to make this argument are for instance Payne & Bettman (2002) and Katsikopoulos et al 
(2018). Figure 6.1.1 showed that simulation results (Payne & Bettman, 2002) have consistently 
demonstrated that WADD achieves the highest accuracy among all choice approaches. 
Katsikopolous et al (2018) pointed out that as consequence from the fact that all HEURISTICS 
are nested within the WADD strategy, HEURISTICS can theoretically never outperform 
MAVT-based strategies like WADD. Practically, however, this is possible, and my experiments 
demonstrated it in choice contexts for which there was yet little evidence gathered for 
HEURISTIC efficiency (Simsek, 2013; Artinger et al., 2015), and despite a prescriptive 
intervention stage which was designed to promote MAVT-related principles.  
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 12.2 Limitations 
 

The above potential contributions are subject to several limitations, which I have pointed 
out throughout this thesis. Next, I will summarise them with respect to two factors: 
methodology and data analysis. I refer to methodology here to describe all stages of conceptual 
work, which preceded the actual statistical analysis of data. 

 
 

12.2.1 Methodology 
 
I utilised several assumptions during the set-up of the experiments. Whenever possible 

I tried to verify them. Examples of assumptions, which were possible to verify, are preferential 
independence for use of the additive value function, monotonicity assumption for marginal 
value functions, or equal attribute weights for Choice Problem 1 of Study 1110. If verification 
failed, I discussed possible implications and how I dealt with those. Generally, I followed 
common procedures such as approximating faulty marginal value functions with linear 
marginal value functions.  

 
Other times, verification was impossible and judgment calls were necessary. For 

instance, to interpret process data from mouse-tracking I followed occurrence and adjacency 
assumptions. They state that DMs base their MA choice on the information that they have 
previously acquired, and that information use may temporarily be approximated by information 
acquisition. It is a common assumption in process-tracing experiments, but some researchers 
might challenge it (Willemsen & Johnson, 2011). Further decisions were necessary during the 
data-processing stage. I had to install rules for removal of data from the analysis, which I 
detailed in depth during Section 10.3. Eventually, I settled to eliminate process data if selection 
times were below 10 seconds, if breaks occurred that exceeded 60 seconds, if multiple 
selections on different alternatives by the DM made the envisioned choice ambiguous to 
determine, and if manual adjustments had significantly altered the initial data point. Even 
though I discussed the logic for each rule, another assessor might have come up with different 
thresholds. 

 
Assumptions were also required during the choice strategy identification procedures of 

both studies. For Study 1, I developed an identification algorithm from scratch. To protect my 
procedure from criticism, I kept it generally consistent with the information-processing research 
on the adaptive decision maker (Payne et al., 1993). Thus, I orientated my cut-off values for 
distinction of WADD and HEURISTICS on previous research and the problem structure, 
however, the resulting algorithm is not completely objective. For instance, I debated the role 
that alternative-based processing plays to detect compensatory processes. As a result, the 
algorithm implemented a tolerance level for PATTERN (Figure 10.5.1.1), which some may 
debate.  

 

 
110 This assumption was used to calculate the model, which was used to predict the performances of choice 
strategies throughout the stages of Study 1.  
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For Study 2, I chose a different approach. My objective was to implement an 
identification procedure from the literature, which is based on very precise metrics (Riedl et al., 
2008). Nevertheless, I had to make judgment calls for at least three occasions. First, Metric 1 
sets a theoretical threshold value to distinguish WADD, LIM/FRQ from the remaining 
strategies. During the practical application, however, I found that the threshold was not met in 
reality. After I eliminated alternative strategies from consideration, I concluded that several 
cases had to be classified via Metric 1. Therefore, I adjusted its cut-off value to include those 
cases. Second, the identification procedure does not distinguish all strategies individually. 
Therefore, sometimes further distinctions were necessary to classify all cases to the three 
Macro-Levels that were used during the thesis. An example would be FRQ and LIM strategies, 
which are both categorised via Metric 1 but belong to differing MLs. Since they vary with 
respect to their weighting approach, I used time measures to distinguish them under the 
rationale that weighting is considered a cognitively taxing task (Morton & Fasolo, 2009). Third, 
I had to classify cases for which several Metrics were satisfied. To deal with those instances I 
set up a priority hierarchy of Metrics and distinguished strong and weak indicators in Section 
10.5.2. The objective of my approach was to give lower priority to factors on which I might 
have had more subjective impact. 

 
Finally, some assumptions had to be made because I could not deal with an issue 

otherwise. For instance, while designing the CPs in Mouselab, I discovered that with my 
intended 5 Alternative x 3 Attribute structure, only a layout with alternatives as columns and 
attributes as rows would be suitable for the PC Lab’s monitors. This design ‘decision’ was 
amplified by the fact that every CP required some instructions to be displayed on top. Usually, 
it is advised to consider such design choices extensively. I discussed this issue at the end of 
Section 8.1 with reference to the literature. The verdict was that choice strategy selection should 
not be affected by display design (Sundström, 1987). 

 
 Another situation occurred during data collection. In some instances, participants 

encountered bugs during the experiment. I am aware of two bugs in particular: One that froze 
the screen, disabling any subsequent hovering motions with the computer mouse, and a second 
that prevented chosen ‘selection buttons’ to light up visibly. I discussed this issue during 
Section 10.2 in more detail. If it happened, I advised participants to restart the CP. Therefore, 
the assumption was that this action would not alter the processing behaviour of those affected. 
It could be debated if people were influenced or not, but fortunately bugs did not occur often, 
and ambiguous responses were eliminated during data processing. 

 
 

12.2.2 Data Analysis 
 

Next, I discuss potential limitations that relate to the approach I took while analysing 
the data statistically via SPSS. The general objective was to choose the most powerful test, 
which was appropriate for the situation. When evaluating the fit of statistical methods, one must 
consider their test requirements. In the case of this thesis, the most common were the normality 
and variance homogeneity assumptions. If verified, the use of more powerful parametric tests 
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is advised. In the literature, I found that sometimes not sufficient care is taken to assess the 
applicability of tests. For instance, requirements are sometimes not tested at all or merely 
assumed 111 . A clever approach to avoid the handling of non-normal data is to utilise 
transformations to ‘standardise’ data. Some process-tracing studies have used such an approach 
(e.g. Lurie, 2004; Reisen et al., 2008), while others have not (e.g. Payne et al., 1988; Queen et 
al., 2012). I decided against it to keep values within all tables and figures as intuitive as possible. 
Otherwise, this would only be achievable by transforming data back and forth, which I did not 
want to do. Thus, I had to continually verify test requirements throughout the analysis.       

 
I tried to be as cautious as possible during the assumption verification process. If there 

remained any doubts regarding test selection, I rather chose the non-parametric alternative112. 
Resulting from this, I potentially employed tests, which did not inherit as much statistical 
power, as they could have. Therefore, I usually reported significant results up to the 90%-level, 
rather than 95%. In some instances, I addressed this limitation by running additional parametric 
tests to compare the differences between parametric and non-parametric options. I did not detect 
major dissimilarities during that process. 

 
Lastly, I report one particular case, where my statistical test selection might be debated. 

During the Study 1 data analysis, I discussed effects of presentation order and complexity in 
two distinct sections. Thus, I tested each factor individually via the Friedman and rmANOVA 
tests. However, other researchers may prefer to run a simultaneous Presentation Order x 
Complexity ANOVA design instead. One reason why I chose not to do it was that I could not 
precisely quantify complexity. Specifically, it was not clear which manipulation, intra-attribute 
spread for CP2 or attribute range for CP3, would contribute more to perceived complexity of 
participants. This might mitigate how informative my Study 1 findings are with respect to the 
influence of complexity. 

 
 

 12.3 Directions for Future research 
 

Despite the mentioned limitations, I hope that this thesis might have contributed some 
interesting findings, which should encourage future research. Note that this work was on an 
inter-disciplinary topic and that this section is written from a decision analysis perspective. The 
first way how this work can be extended, is to consider additions or alterations to the process 
measures I have introduced. This was a novel effort to add more tools to the assessment of 
choice quality. There are certainly possibilities available to improve upon those variables. An 
example would be to alter EVC_INDEX in a way to not just look at balanced consideration of 
maxima and minima across all attributes, but rather for each attribute individually. I did not 
want to sacrifice its simplicity for sophistication, but other researchers may find this intriguing 
to explore.  

 

 
111 As Lumley et al (2002) show, this is not necessarily wrong, but I believe it should be discussed for each case 
individually. 
112 I have provided an overview in the APPENDIX of Section 10.6. 
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In addition, alternative efforts to introduce process variables would be welcome since 
my analysis indicated that better processes as measured by my variables did not always cohere 
with better outcomes. Therefore, the applicability of process measures may generally depend 
on the situation. Several alternative theories of rational choice were suggested in the literature, 
with Multi-attribute Value Theory being only one example. Rather than maximising value like 
in MAVT, the calculation of which demands appropriate attribute-weighting procedures, one 
could build process measures based on different objectives. One example would be the goal to 
minimise regret with the selected alternative (Loomes & Sugden, 1982).  
 
 Concluding, this thesis may spark research, which further explores conditions when and 
why simple choice HEURISTICS prove competitive to MAVT-based approaches. In this 
regard, I would also suggest analysing how MAVT-based strategies can be better supported if 
no Decision Analysis is possible. My findings suggest specifically that WADD might have 
underperformed during the experiments due to inappropriate strategy execution. This result was 
robust even after decision aid via a prescriptive video was provided. Since WADD is a complex 
strategy to implement, one could explore novel support tools, which aim at lowering its 
cognitive burden without sacrificing accuracy. Alternatively, perhaps sufficient evidence could 
be gathered to suggest flexibility and efficiency of choice HEURISTICS in a way across 
contexts that Decision Analysis can be reserved for highly consequential, one-off real-world 
decisions. No matter what brings the future, decision analysts should surely continue to be 
concerned with these types of questions.    
  



 288 

 

REFERENCES 
 
 

This section states all literature that was referenced in the main body of the thesis. 
 
 
Ackermann, F., Franco, L. A., Rouwette, E. & White, L. (2014). Special Issue on Problem Structuring 
Research and Practice, EURO Journal on Decision Processes 2, pp. 165-172. DOI: 10.1007/s40070-
014-0037-6. 
 
Affonso, F. M., Janiszewski, C. & Bettman, J. R. (2020). Boundaries of Constructive Choice: On the 
Accessibility of Maximize Accuracy and Minimize Effort Goals, Journal of Consumer Psychology 
(early view). DOI: 10.1002/jcpy.1184. 
 
Ahn, B. S. (2011). Compatible Weighting Method with Rank Order Centroid: Maximum Entropy 
Ordered Weighted Averaging Approach, European Journal of Operational Research 212(3), pp. 552-
559. DOI: 10.1016/j.ejor.2011.02.017. 
 
Aksoy, L., Cooil, B. & Lurie, N. H. (2011). Decision Quality Measures in Recommendation Agents 
Research, Journal of Interactive Marketing 25(2), pp. 110-122. DOI: 10.1016/j.intmar.2011.01.001. 
 
Alba, J. W. & Marmorstein, H. (1987). The Effects of Frequency Knowledge on Consumer Decision 
Making, Journal of Consumer Research 14(1), pp. 14-25. https://www.jstor.org/stable/2489239. 
 
Allais, M. (1953). Fondemonts d ́une Théorie positive des Choix Comportant un Risque et Critique des 
Postulates et Axioms de l’École Americaine [The Foundations of a Positive Theory of Choice involving 
Risk and a Criticism of the Postulates and Axioms of the American School], in Expected Utility 
Hypothesis and the Allais’ Paradox (1979). Springer: Dordrecht. DOI: 10.1007/978-94-015-7629-1. 
 
Ananda, J. & Herath, G. (2009). A critical Review of Multi-Criteria Decision Making Methods with 
special Reference to Forest Management and Planning, Ecological Economics 68, pp. 2535-2548. DOI: 
10.1016/j.ecolecon.2009.05.010. 
 
Anderson, R. M. & Hobbs, B. F. (2002). Using a Bayesian Approach to Quantify Scale Compatibility 
Bias, Management Science 48(12), pp. 1555-1568. DOI: 10.1287/mnsc.48.12.1555.444. 
 
Anderson, R. M. & Clemen, R. T. (2013). Toward an Improved Methodology to Construct and 
Reconcile Decision Analytic Preference Judgments, Decision Analysis 10(2), pp. 121-134. DOI: 
10.1287/deca.2013.0268. 
 
Arkes, H. R., Gigerenzer, G. & Hertwig, R. (2016). How Bad is Incoherence?, Decision 3(1), pp. 20-
39. DOI: 10.1037/dec0000043. 
 
Arrow, K. J. (1958). Utilities, Attitudes, Choices: A Review Note, Econometrica 26(1), pp. 1-23. 
https://www.jstor.org/stable/1907381.  
 
Artinger, F., Petersen, M., Gigerenzer, G. & Weibler, J. (2015). Heuristics as Adaptive Decision 
Strategies in Management, Journal of Organizational Behavior 36(1), pp. 33-52. DOI: 
10.1002/job.1950. 
 



 289 

Aruldoss, M., Lakshimi, T. M. & Venkatesan, V. P. (2013). A Survey on Multi Criteria Decision Making 
Methods and Its Applications, American Journal of Information Systems 1(1), pp. 31-43. DOI: 
10.12691/ajis-1-1-5. 
 
Asuero, A. G., Sayago, A. & Gonzalez, A. G. (2006). The Correlation Coefficient: An Overview, 
Critical Reviews in Analytical Chemistry 36(1), pp. 41-59. DOI: 10.1080/10408340500526766. 
 
Bakeman, R. & Quera, V. (2011). Sequential Analysis and Observational Methods for the Behavioral 
Sciences. Cambridge University Press: Cambridge. 
 
Bana e Costa, C. A. & Pirlot, M. (1997). Thoughts on the Future of the Multicriteria Field: Basic 
Convictions and Outline for a General Methodology, in Climaco, J. (eds.) Multicriteria Analysis. 
Springer: Berlin. 
 
Bana e Costa, C. A. (2001). The Use of Multi-Criteria Decision Analysis to Support the Search for Less 
Conflicting Policy Options in a Multi-Actor Context: Case Study, Journal of Multi-Criteria Decision 
Analysis 10(2), pp. 111-125. DOI: 10.1002/mcda.292. 
 
Bana e Costa, C. A. & Chagas, M. P. (2004). A Career Choice Problem: An Example of How to Use 
MACBETH to Build a Quantitative Value Model based on Qualitative Value Judgments, European 
Journal of Operational Research 153(2), pp. 323-331. DOI: 10.1016/S0377-2217(03)00155-3. 
 
Bana e Costa, C. A. & Vansnick, J. C. (2008). A Critical Analysis of the Eigenvalue Method Used to 
Derive Priorities in AHP, European Journal of Operational Research 187(3), pp. 1422-1428. DOI: 
10.1016/j.ejor.2006.09.022. 
 
Baron, J. (1986). Tradeoffs among Reasons for Action, Journal for the Theory of Social Behaviour 
16(2), pp. 173-195. DOI: 10.1111/j.1468-5914.1986.tb00074.x. 
 
Baron, J. & Hershey, J. C. (1988). Outcome Bias in Decision Evaluation, Journal of Personality and 
Social Psychology 54(4), pp. 569-579. 
 
Baron, J. & Spranca, M. (1997). Protected Values, Organizational Behavior and Human Decision 
Processes 70(1), pp. 1-16. DOI: 10.1006/obhd.1997.2690. 
 
Baron, J. (2003). Value Trade-Offs and the Nature of Utility: Bias, Inconsistency, Protected Values, and 
other Problems, Conference on Behavioral Economics and Neoclassical Economics. American Institute 
for Economic Research: Great Barrington. 
 
Barron, F. H., von Winterfeldt, D. & Fischer, G. W. (1984). Empirical and Theoretical Relationships 
between Value and Utility Functions, Acta Psychologica 56(1-3), pp. 233-244. DOI: 10.1016/0001-
6918(84)90021-0. 
 
Barron, F. H. & Barrett, B. E. (1996). Decision Quality Using Ranked Attribute Weights, Management 
Science 42(11), pp. 1515-1523. DOI: 10.1287/mnsc.42.11.1515.  
 
Barzilai, J. (2010). Preference Function Modelling: The Mathematical Foundations of Decision Theory, 
in Ehrgott, M. et al. (eds.) Trends in Multiple Criteria Decision Analysis. Springer: Boston. DOI: 
10.1007/978-1-4419-5904-1_3. 
 
Baucells, M., Carrasco, J. A. & Hogarth, R. M. (2008). Cumulative Dominance and Heuristic 
Performance in Binary Multiattribute Choice, Operations Research 56(5), pp. 1289-1304. DOI: 
10.1287/opre.1070.0485.  
 
Beach L. R. & Mitchell T. (1978). A Contingency Model for the Selection of Decision Strategies, 
Academy of Management Review 3(3), pp. 439-449. DOI: 10.5465/amr.1978.4305717. 



 290 

Beattie, J. & Baron, J. (1991). Investigating the Effect of Stimulus Range on Attribute Weight, Journal 
of Experimental Psychology: Human Perception and Performance 17(2), pp. 571-585. DOI: 
10.1037/0096-1523.17.2.571. 
 
Behzadian, M., Kazemzadeh, R. B., Albadvi, A. & Aghdasi, M. (2010). PROMETHEE: A 
Comprehensive Literature Review on Methodologies and Applications, European Journal of 
Operational Research 200(1), pp. 198-215. DOI: 10.1016/j.ejor.2009.01.021. 
 
Bellman, R. E. & Zadeh, L. A. (1970). Decision-Making in a Fuzzy Environment, Management Science 
17(4), pp. 141-164. DOI: 10.1287/mnsc.17.4.B141. 
 
Bell, D. E., Raiffa, H. & Tversky, A. (1988). Descriptive, Normative, and Prescriptive Interactions in 
Decision Making, in Bell, D. E. et al. (eds.) Decision Making: Descriptive, Normative, and Prescriptive 
Interactions. Cambridge University Press: Cambridge. 
  
Belton, V. & Gear, T. (1983). On a Short-Coming of Saaty’s Method of Analytic Hierarchies, Omega 
11(3), pp. 228-230. DOI: 10.1016/0305-0483(83)90047-6. 

Belton, V. & Gear, T. (1997). On the Meaning of Relative Performance, Journal of Multi-Criteria 
Decision Analysis 6(6), pp. 335-338. DOI: 10.1002/(SICI)1099-1360(199711)6:6<335::AID-
MCDA168>3.0.CO;2-J. 

Belton, V., Ackermann, F. & Shepherd, I. (1997). Integrated Support from Problem Structuring through 
to Alternative Evaluation Using COPE and VISA, Journal of Multi-Criteria Decision Analysis 6(3), pp. 
115-130. DOI: 10.1002/(SICI)1099-1360(199705)6:3<115::AID-MCDA140>3.0.CO;2-I. 

Belton, V. & Stewart, T. J. (2002). Multiple Criteria Decision Analysis: An Integrated Approach. 
Kluwer Academic Publishers: Boston. DOI: 10.1007/978-1-4615-1495-4. 

Bettman, J. (1979). An Information Processing Theory of Consumer Choice. Addison-Wesley: Reading. 

Bettman, J. R., Johnson, E. J., Luce, M. F. & Payne, J. W. (1993). Correlation, Conflict, and Choice, 
Journal of Experimental Psychology: Learning, Memory, and Cognition 19(4), pp. 931-951.  

Bettman, J. R., Luce, M. F. & Payne, J. W. (1998). Constructive Consumer Choice Processes, Journal 
of Consumer Research 25(3), pp. 187-217. DOI: 10.1086/209535. 

Bettman, J. R., Luce, M. F. & Payne, J. W. (2008). Preference Construction and Preference Stability: 
Putting the Pillow to Rest, Journal of Consumer Psychology 18(3), pp. 170-174. DOI: 
10.1016/j.jcps.2008.04.003. 

Biggs, S. F., Bedard, J. C., Gaber, B. G. & Linsmeier, T. J. (1985). The Effects of Task Size and 
Similarity on the Decision Behavior of Bank Loan Officers, Management Science 31(8), pp. 970-987. 
DOI: 10.1287/mnsc.31.8.970. 

Blanca, M. J., Alarcon, R., Arnau, J., Bono, R. & Bendayan, R. (2017). Non-normal Data: Is ANOVA 
still a valid Option?, Psicothema 29(4), pp. 552-557. DOI:  10.7334/psicothema2016.383. 

Bleichrodt, H., Pinto, J. L. & Wakker, P. P. (2001). Making Descriptive Use of Prospect Theory to 
Improve the Prescriptive Use of Expected Utility, Management Science 47(11), pp. 1498-1514. DOI: 
10.1287/mnsc.47.11.1498.10248. 



 291 

Bond, S. D., Carlson, K. A. & Keeney, R. L. (2008). Generating Objectives: Can Decision Makers 
Articulate what they Want?, Management Science 54(1), pp. 56-70. DOI: 10.1287/mnsc.1070.0754. 

Bonner, S. E. & Sprinkle, G. B. (2002). The Effects of Monetary Incentives on Effort and Task 
Performance: Theories, Evidence, and a Framework for Research, Accounting, Organizations and 
Society 27, pp. 303-345. DOI: 10.1016/S0361-3682(01)00052-6. 

Borcherding, K., Eppel, T. & von Winterfeldt, D. (1991). Comparison of Weighting Judgments in 
Multiattribute Utility Measurement, Management Science 37(12), pp. 1603-1619. DOI: 
10.1287/mnsc.37.12.1603. 

Borda, J. C. (1781). Mémoire sur les Elections au Scrutin, Histoire de l’Académie Royale de Science, 
Paris:1781. 

Bottomley, P. A., Doyle, J. R. & Green, R. H. (2000). Testing the Reliability of Weight Elicitation 
Methods: Direct Rating versus Point Allocation, Journal of Marketing Research 37(4), pp. 508-513. 
https://www.jstor.org/stable/1558519. 

Böckenholt, U., Albert, D., Aschenbrenner, M. & Schmalhofer, F. (1991). The Effects of Attractiveness, 
Dominance, and Attribute Differences on Information Acquisition in Multiattribute Binary Choice, 
Organizational Behavior and Human Decision Processes 49(2), pp. 258-281. DOI: 10.1016/0749-
5978(91)90051-T. 

Böckenholt, U. & Hynan, L. S. (1994). Caveats on a Process-tracing Measure and a Remedy, Journal 
of Behavioral Decision Making 7(2), pp. 103-117. 

Bradley, J. V. (1978). Robustness?, British Journal of Mathematical and Statistical Psychology 31, pp. 
144-152. DOI: 10.1111/j.2044-8317.1978.tb00581.x. 

Brandstätter, E., Gigerenzer, G. & Hertwig, R. (2006). The Priority Heuristic: Making Choices Without 
Trade-Offs, Psychological Review 113(2), pp. 409-432. DOI: 10.1037/0033-295X.113.2.409. 

Brans, J. P. & Vincke, P. (1985). A Preference Ranking Organisation Method (The PROMETHEE 
Method for Multiple Criteria Decision-Making), Management Science 31(6), pp. 647-656. DOI: 
10.1287/mnsc.31.6.647. 

Brans, J. P.,Vincke, P. & Mareschal, B. (1986). How to Select and How to Rank Projects: The 
PROMETHEE Method, European Journal of Operational Research 24(2), pp. 228-238. DOI: 
10.1016/0377-2217(86)90044-5. 

Brans, J. P. & Mareschal, B. (2005). PROMETHEE Methods, in Figueira, J. et al. (eds.) Multiple 
Criteria Decision Analysis: State of the Art Surveys. Springer: New York. DOI: 10.1007/0-387-23081-
5_5. 

Brown, N., Park, S., Steinley, D. & Davis-Stober, C. P. (2018). Modeling Between-Subject Variability 
in Decision Strategies via Statistical Clustering: A p-Median Approach, Journal of Behavioral Decision 
Making 31, pp. 250-264. DOI: 10.1002/bdm.1957. 

Brown, R. (1989). Towards a Prescriptive Science and Technology of Decision Aiding, Annals of 
Operations Research 19, pp. 467-483. 



 292 

Brown, R. & Vari, A. (1992). Towards a Research Agenda for Prescriptive Decision Science: The 
Normative Tempered by the Descriptive, Acta Psychologica 80, pp. 33-47. DOI: 10.1016/0001-
6918(92)90039-G. 

Brown, R. (2006). Making Decision Research Useful – Not just Rewarding, Judgment and Decision 
Making 1(2), pp. 162-173.  

Bröder, A. (2002). Take The Best, Dawes’ Rule, and Compensatory Decision Strategies: A Regression-
based Classification Method, Quality & Quantity 36(3), pp. 219-238. DOI: 10.1023/A:1016080517126. 

Bröder, A. (2003). Decision Making with the “Adaptive Toolbox“: Influence of Environmental 
Structure, Intelligence, and Working Memory Load, Journal of Experimental Psychology: Learning, 
Memory, and Cognition 29(4), pp. 611-625. DOI: 10.1037/0278-7393.29.4.611. 

Bröder, A. & Schiffer, S. (2006). Adaptive Flexibility and Maladaptive Routines in Selecting Fast and 
Frugal Decision Strategies, Journal of Experimental Psychology: Learning, Memory and Cognition 
32(4), pp. 904-918. DOI: 10.1037/0278-7393.32.4.904. 

Bröder, A. & Newell, B. R. (2008). Challenging some Common Beliefs: Empirical Work within the 
Adaptive Toolbox Metaphor, Judgment and Decision Making 3(3), pp. 205-214. 

Bröder, A., Glöckner, A., Betsch, T., Link, D. & Ettlin, F. (2013). Do People Learn Option or Strategy 
Routines in Multi-attribute Decisions? The Answer depends on Subtle Factors, Acta Psychologica 
143(2), pp. 200-209. DOI: 10.1016/j.actpsy.2013.03.005. 

Bruch, E. & Feinberg, F. (2017). Decision Making Processes in Social Contexts, Annual Review of 
Sociology 43, pp. 207-227. DOI: 10.1146/annurev-soc-060116- 053622. 

Busemeyer, J. R. (2018). Old and New Directions in Strategy Selection, Journal of Behavioral Decision 
Making 31(2), pp. 199-202. DOI: 10.1002/bdm.2005. 

Carlson, K. A., Meloy, M. G. & Russo, J. E. (2006). Leader-Driven Primacy: Using Attribute Order to 
Affect Consumer Choice, Journal of Consumer Research 32(4), pp. 513-518. DOI: 10.1086/500481. 

Carlson, K. A., Janiszewski, C., Keeney, R. L., Krantz, D. H., Kunreuther, H. C., Luce, M. F., Russo, J. 
E., van Osselaer, S. M. J. & von Winterfeldt, D. (2008). A Theoretical Framework for Goal-based 
Choice and for Prescriptive Analysis, Marketing Letters 19, pp. 241-254.   

Chen, L. & Pu. P. (2004). Survey of Preference Elicitation Methods, Technical Report IC/2004/67, 
Swiss Federal Institute of Technology: Lausanne. 

Cinelli, M., Coles, S. R. & Kirwan, K. (2014). Analysis of the Potentials of Multi Criteria Decision 
Analysis Methods to Conduct Sustainability Assessment, Ecological Indictors 46, pp. 138-148. DOI: 
10.1016/j.ecolind.2014.06.011. 

Clemen, R. T. (2008). Improving and Measuring the Effectiveness of Decision Analysis: Linking 
Decision Analysis and Behavioral Decision Research, in Connolly, T. & Son, Y.-J. (eds.) Decision 
Modeling and Behavior in Complex and Uncertain Environments. Springer: New York. 

 



 293 

Clithero, J. A. (2018). Response Times in Economics: Looking through the Lens of Sequential Sampling 
Models, Journal of Economic Psychology 69, pp. 61-86. DOI: 10.1016/j.joep.2018.09.008. 

Cohen, A. L., Kang, N. & Leise, T. L. (2017). Multi-attribute, Multi-alternative Models of Choice: 
Choice, Reaction Time, and Process Tracing, Cognitive Psychology 98, pp. 45-72. DOI: 
10.1016/j.cogpsych.2017.08.001. 

Cohen, J. (1988). Statistical Power Analysis for the Behavioral Sciences. Lawrence Erlbaum Associates: 
Hillsdale. 

Cohen, J. (1992). A Power Primer, Psychological Bulletin 112(1), pp. 155-159. DOI: 10.1037/0033-
2909.112.1.155. 

Cook, W. D. & Seiford, L. M. (1982). On the Borda-Kendall Consensus Method for Priority Ranking 
Problems, Management Science 28(6), pp. 621-637. DOI: 10.1287/mnsc.28.6.621. 

Cook, W. D. & Kress, M. (1985). Ordinal Ranking with Intensity of Preference, Management Science 
31(1), pp. 26-32. DOI: 10.1287/mnsc.31.1.26. 

Cook, W. D. (2006). Distance-based and ad hoc Consensus Models in Ordinal Preference Ranking, 
European Journal of Operational Research 172, pp. 369-385. DOI: 10.1016/j.ejor.2005.03.048. 

Corner, J. L. & Kirkwood, C. W. (1991). Decision Analysis Applications in the Operations Research 
Literature, 1970-1989, Operations Research 39(2), pp. 206-219. DOI: 10.1287/opre.39.2.206. 

Costa-Gomes, M., Crawford, V. P. & Broseta, B. (2001). Cognition and Behavior in Normal-Form 
Games: An Experimental Study, Econometrica 69(5), pp. 1193-1235. DOI: 10.1111/1468-0262.00239. 

Coupey, E. (1994). Restructuring: Constructive Processing of Information Displays in Consumer 
Choice, Journal of Consumer Research 21(1), pp. 83-99. https://www.jstor.org/stable/2489742. 

Coupey, E. & Narayanan, S. (1996). Effects of Knowledge Types on Choice Quality and Perceptions of 
Choice Performance, Psychology& Marketing 13(7), pp. 715-738. DOI: 10.1002/(SICI)1520-
6793(199610)13:7<715::AID-MAR5>3.0.CO;2-K. 

Cowan, N. (2010). The Magical Mystery Four: How is Working Memory Capacity Limited, and Why?, 
Current Directions in Psychological Science 19(1), pp. 51-57. DOI: 10.1177/0963721409359277. 

Creyer, E. H., Bettman, J. R. & Payne, J. W. (1990). The Impact of Accuracy and Effort Feedback and 
Goals on Adaptive Decision Behavior, Journal of Behavioral Decision Making 3(1), pp. 1-16. DOI: 
10.1002/bdm.3960030102. 

Davern, M. J., Mantena, R. & Stohr, E. A. (2008). Diagnosing Decision Quality, Decision Support 
Systems 45(1), pp. 123-139. DOI: 10.1016/j.dss.2007.12.012. 

De Almeida, A. T., de Almeida, J. A., Costa, A. P. C. S. & de Almeida-Filho, A. T. (2016). A New 
Method for Elicitation of Criteria Weights in Additive Models: Flexible and Interactive Tradeoff, 
European Journal of Operational Research 250(1), pp. 179-191. DOI: 10.1016/j.ejor.2015.08.058.  

 



 294 

Dean, J. W. & Sharfman, M. P. (1993). Procedural Rationality in the Strategic Decision-Making 
Process, Journal of Management Studies 30(4), pp. 587-610. DOI: 10.1111/j.1467-
6486.1993.tb00317.x. 

De Keyser, W. & Peeters, P. (1996). A Note on the Use of PROMETHEE Multicriteria Methods, 
European Journal of Operational Research 89(3), pp. 457-461. DOI: 10.1016/0377-2217(94)00307-6. 

De Palma, A., Myers, G. M. & Papageorgiou, Y. Y. (1994). Rational Choice under an Imperfect Ability 
to Choose, The American Economic Review 84(3), pp. 419-440. https://www.jstor.org/stable/2118060. 

Delquié, P. (1997). “Bi-Matching”: A New Preference Assessment Method to Reduce Compatibility 
Effects, Management Science 43(5), pp. 640-658. DOI: 10.1287/mnsc.43.5.640. 

DeShazo, J. R. & Fermo, G. (2002). Designing Choice Sets for Stated Preference Methods: The Effects 
of Complexity on Choice Consistency, Journal of Environmental Economics and Management 44(1), 
pp. 123-143. DOI: 10.1006/jeem.2001.1199. 

Dias, L. & Mousseau, V. (2018). Eliciting Multi-Criteria Preferences: ELECTRE Models, in Dias, L. et 
al. (eds.) Elicitation. Springer: Cham. DOI: 10.1007/978-3-319-65052-4_14. 
 
Druckman, J. N. & Kam, C. D. (2011). Students as Experimental Participants: A Defense of the ‘Narrow 
Data Base’, in Druckman, J. N. et al. (eds.) Handbook of Experimental Political Science. Cambridge 
University Press: New York. 
 
Dyer, J. S. (1990). Remarks on the Analytic Hierarchy Process, Management Science 36(3), pp. 249-
258. DOI: 10.1287/mnsc.36.3.249. 

Dyer, J. S., Fishburn, P., Steuer, R. E., Wallenius, J. & Zionts, S. (1992). Multiple Criteria Decision 
Making, Multiattribute Utility Theory: The next Ten Years, Management Science 38(5), pp. 645-654. 
DOI: 10.1287/mnsc.38.5.645. 

Dyer, J. S. (2016). Multiattribute Utility Theory (MAUT), in Greco, S. et al. (eds.) Multiple Criteria 
Decision Analysis: State of the Art Surveys. Springer: New York. DOI: 10.1007/978-1-4939-3094-4_8. 

Dyer, J. S. & Smith, J. E. (2020). Innovations in the Science and Practice of Decision Analysis: The 
Role of Management Science, Management Science (early view). DOI: 10.1287/mnsc.2020.3652. 

Edwards, W. (1954). The Theory of Decision Making, Psychological Bulletin 51(4), pp. 380-417. DOI: 
10.1037/h0053870. 

Edwards, W. (1977). How to Use Multiattribute Utility Measurement for Social Decision Making, IEEE 
Transactions on Systems, Man, and Cybernetics 7(5), pp. 326-340. DOI: 10.1109/TSMC.1977.4309720.  

Edwards, W. & Barron, F. H. (1994). SMARTS and SMARTER: Improved Simple Methods for 
Multiattribute Utility Measurement, Organizational Behavior and Human Decision Processes 60(3), 
pp. 306-325. DOI: 10.1006/obhd.1994.1087. 

Einhorn, H. J. & Hogarth, R. M. (1981). Behavioral Decision Theory: Processes of Judgment and 
Choice, Annual Review of Psychology 32, pp. 53-88. DOI: 10.1146/annurev.ps.32.020181.000413. 

 



 295 

Ericsson, K. A. & Simon, H. A. (1980). Verbal Reports as Data, Psychological Review 87(3), pp. 215-
251. DOI: 10.1037/0033-295X.87.3.215. 

Farnsworth, B. (2018). Eye Tracker Prices – An Overview of 20+ Eye Trackers. Retrieved April 9, 
2021, from https://imotions.com/blog/eye-tracker-prices. 

Fasolo, B., Misuraca, R. & McClelland, G. H. (2003). Individual Differences in Adaptive Choice 
Strategies, Research in Economics 57(3), pp. 219-233. DOI: 10.1016/S1090-9443(03)00032-2. 

Fasolo, B., Hertwig, R., Huber, M. & Ludwig, M. (2009). Size, Entropy, and Density: What is the 
Difference that Makes the Difference Between Small and Large Real-World Assortments, Psychology 
& Marketing 26(3), pp. 254-279. DOI: 10.1002/mar.20272. 

Ferretti, V., Bottero, M. & Mondini, G. (2014). Decision Making and Cultural Heritage: An Application 
of the Multi-Attribute Value Theory for the Reuse of Historical Buildings, Journal of Cultural Heritage 
15(6), pp. 644-655. DOI: 10.1016/j.culher.2013.12.007. 

Fiedler, K. & Kareev, Y. (2006). Does Decision Quality (Always) Increase with the Size of Information 
Samples? Some Vicissitudes in Applying the Law of Large Numbers, Journal of Experimental 
Psychology: Learning, Memory, and Cognition 32(4), pp. 883-903. DOI: 10.1037/0278-7393.32.4.883. 

Figueira, J. R., Greco, S., Roy, B. & Slowinski, R. (2013). An Overview of ELECTRE Methods and 
their Recent Extensions, Journal of Multi-Criteria Decision Analysis 20 (1-2), pp. 61-85. DOI: 
10.1002/mcda.1482. 

Fischer, G. W. (1976). Multidimensional Utility Models for Risky and Riskless Choice, Organizational 
Behaviour and Human Performance 17(1), pp. 127-146. DOI: 10.1016/0030-5073(76)90057-X. 

Fischer, G. W., Damodaran, N., Laskey, K. B. & Lincoln, D. (1987). Preferences for Proxy Attributes, 
Management Science 33(2), pp. 198-214. DOI: 10.1287/mnsc.33.2.198. 

Fischer, G. W. (1989). Prescriptive Decision Science: Problems and Opportunities, Annals of 
Operations Research 19, pp. 489-497.  

Fischer, G. W. & Hawkins, S. A. (1993). Strategy Compatibility, Scale Compatibility, and the 
Prominence Effect, Journal of Experimental Psychology: Human Perception and Performance 19(3), 
pp. 580-597.  

Fischer, G. W. (1995). Range Sensitivity of Attribute Weights in Multiattribute Value Models, 
Organizational Behavior and Human Decision Processes 62(3), pp. 252-266. DOI: 
10.1006/obhd.1995.1048. 

Fischer, G. W., Carmon, Z., Ariely, D. & Zauberman, G. (1999). Goal-Based Construction of 
Preferences: Task Goals and the Prominence Effect, Management Science 45(8), pp. 1057-1075. DOI: 
10.1287/mnsc.45.8.1057. 

Fischhoff, B. (1991). Value Elicitation: Is there Anything in There?, American Psychologist 46(8), pp. 
835-847.  

 



 296 

Fischhoff, B., Welch, N. & Frederick, S. (1999). Construal Processes in Preference Assessment, Journal 
of Risk and Uncertainty 19(1-3), pp. 139-164. DOI: 10.1023/A:1007823326511. 

Fishburn, P. C. (1967). Methods of Estimating Additive Utilities, Management Science 13(7), pp. 435-
453. DOI: 10.1287/mnsc.13.7.435. 

Fishburn, P. C. (1968). Utility Theory, Management Science 14(5), pp. 335-378. DOI: 
10.1287/mnsc.14.5.335. 

Fishburn, P. C. (1970). Utility Theory for Decision Making. Wiley: New York. 

Fishburn, P. C. (1974). Lexicographic Orders, Utilities and Decision Rules: A Survey, Management 
Science 20(11), pp. 1442-1471. DOI: 10.1287/mnsc.20.11.1442. 

Fishburn, P. C. & Kuchenberger G. A. (1979). Two-Piece Von Neumann-Morgenstern Utility 
Functions, Decision Sciences 10(4), pp. 503-518. DOI: 10.1111/j.1540-5915.1979.tb00043.x. 

Fishburn, P. C. (1981). Subjective Expected Utility: A Review of Normative Theories, Theory and 
Decision 13(2), p. 139-199. DOI: 10.1007/BF00134215. 

Fishburn, P. C. (1991) Nontransitive Preferences in Decision Theory, Journal of Risk and Uncertainty 
4(2), pp. 113-134. DOI: 10.1007/BF00056121. 

Fleming, P. & Zizzo, D. J. (2015). A Simple Stress Test of Experimenter Demand Effects, Theory and 
Decision 78(2), pp. 219-231. DOI: 10.1007/s11238-014-9419-2. 

Ford, J. K., Schmitt, N., Schechtman, S. L., Hults, B. M. & Doherty, M. L. (1989). Process Tracing 
Methods: Contributions, Problems, and Neglected Research Questions, Organizational Behavior and 
Human Decision Processes 43(1), pp. 75-117. DOI: 10.1016/0749-5978(89)90059-9. 

Fox, M., Ericsson, K.A. & Best, R. (2011). Do Procedures for Verbal Reporting of Thinking have to be 
Reactive? A Meta-Analysis and Recommendations for best Reporting Methods, Psychological Bulletin 
137 (2), pp. 316-344. DOI: 10.1037/a0021663. 

Franco-Watkins, A. M. & Johnson, J. G. (2011). Applying the Decision Moving Window to Risky 
Choice: Comparison of Eye-Tracking and Mouse-Tracing Methods, Judgment and Decision Making 
6(8), pp. 740-749.  

Franco, L. A. & Montibeller, G. (2010). Facilitated Modelling in Operational Research, European 
Journal of Operational Research 205(3), pp. 489-500. DOI: 10.1016/j.ejor.2009.09.030. 

Franco, L. A. & Montibeller, G. (2011). Problem Structuring for Multicriteria Decision Analysis 
Interventions, in Cochran, J. J. et al. (eds.) Wiley Encyclopedia of Operations Research and 
Management Science. Wiley: Chichester. DOI: 10.1002/9780470400531.eorms0683. 

Franco, L. A. & Hämäläinen, R. P. (2015). Behavioural Operational Research: Returning to the Roots 
of the OR Profession, European Journal of Operational Research 249(3), pp. 791-795. DOI: 
10.1016/j.ejor.2015.10.034. 

 



 297 

Franco, L. A. & Greiffenhagen, C. (2018). Making OR Practice visible: Using Ethnomethodology to 
Analyse Facilitated Modelling Workshops, European Journal of Operational Research 265(2), pp. 673-
684. DOI: 10.1016/j.ejor.2017.08.016.   

Franco, L. A., Hämäläinen, R. P., Rouwette, E. A. J. A. & Leppänen, I. (2021). Taking Stock of 
Behavioural OR: A Review of Behavioural Studies with an Intervention Focus, European Journal of 
Operational Research 293(2), pp. 401-418. DOI: 10.1016/j.ejor.2020.11.031. 

Frederick, S. (2005). Cognitive Reflection and Decision Making, Journal of Economic Perspectives 
19(4), pp. 25-42. DOI: 10.1257/089533005775196732. 

French, S. (1995). An Introduction to Decision Theory and Prescriptive Decision Analysis, IMA Journal 
of Management Mathematics 6(2), pp. 239-247. DOI: 10.1093/imaman/6.2.239. 

Friedman, M. & Savage, L. J. (1948). The Utility Analysis of Choices under Risk, The Journal of 
Political Economy 56(4), pp. 279-304. DOI: 10.1086/256692. 

Frisch, D. & Clemen, R. T. (1994). Beyond Expected Utility: Rethinking Behavioral Decision Research, 
Psychological Bulletin 116(1), pp. 46-54. DOI: 10.1037/0033-2909.116.1.46. 

Gabrielli, W. F. & von Winterfeldt, D. (1978). Are Importance Weights Sensitive to the Range of 
Alternatives in Multiattribute Utility Measurement?, Research Report No.78-6. Social Science Research 
Institute, University of Southern California: Los Angeles. 

Gedenk, K. & Sattler, H. (2009). Range Effects in Measuring Attribute Importance, Marketing ZFP 
31(1), pp. 17-26. DOI: 10.15358/0344-1369-2009-JRM-1-17. 

Gerber, A. S. & Green, D. P. (2008). Field Experiments and Natural Experiments, in Box-Steffensmeier, 
J. M. et al. (eds.) The Oxford Handbook of Political Methodology. Oxford University Press: Oxford. 

Giering, G. H. (2016). How Preferences Evolve in a Concrete Decision Situation: Quantitative Video 
Analysis of House Buying Decisions from a Popular TV Programme. Unpublished Manuscript (Master 
Dissertation). School of Business & Economics, Loughborough University: Loughborough. 

Gigerenzer, G. & Todd, P. M. (1999). Fast and Frugal Heuristics: The Adaptive Toolbox, in Gigerenzer, 
G. et al. (eds.) Evolution and Cognition. Simple Heuristics that Make Us Smart. Oxford University 
Press: New York. 

Gigerenzer, G. & Selten, R. (2002). Rethinking Rationality, in Gigerenzer, G. & Selten, R. (eds.) 
Bounded Rationality: The Adaptive Toolbox. MIT Press: Cambridge. 

Gigerenzer, G. & Gaissmaier, W. (2011). Heuristic Decision Making, Annual Review of Psychology 62, 
pp. 451-482. DOI: 10.1146/annurev-psych-120709-145346. 

Gilbride, T. J. & Allenby, G. M. (2004). A Choice Model with Conjunctive, Disjunctive, and 
Compensatory Screening Rules, Marketing Science 23(3), pp. 391-406. DOI: 10.1287/mksc.1030.0032. 

Gilovich, T., Griffin, D. & Kahneman, D. (2002). Heuristics and Biases: The Psychology of Intuitive 
Judgment. Cambridge University Press: Cambridge. 



 298 

Glaholt, M. G. & Reingold, E. M. (2011). Eye Movement Monitoring as a Process Tracing Methodology 
in Decision Making Research, Journal of Neuroscience, Psychology, and Economics 4(2), pp. 125-146. 
DOI: 10.1037/a0020692. 

Glöckner, A. & Betsch, T. (2008). Multiple-Reason Decision Making Based on Automatic Processing, 
Journal of Experimental Psychology: Learning, Memory, and Cognition, pp. 1055-1075. DOI: 
10.1037/0278-7393.34.5.1055. 

Glöckner, A. & Herbold, A. K. (2011). An Eye-Tracking Study on Information Processing in Risky 
Decisions: Evidence for Compensatory Strategies Based on Automatic Processes, Journal of Behavioral 
Decision Making 24(1), pp. 71-98. DOI: 10.1002/bdm.684.  

Glöckner, A., Hilbig, B. E. & Jekel, M. (2014). What is Adaptive about Adaptive Decision Making? A 
Parallel Constraint Satisfaction Account, Cognition 133(3), pp. 641-666. DOI: 
10.1016/j.cognition.2014.08.017.  

Goldstein, D. G. & Gigerenzer, G. (2002). Models of Ecological Rationality: The Recognition Heuristic, 
Psychological Review 109(1), pp. 75-90. DOI: 10.1037//0033-295X.109.1.75. 

Goldstein D. G. & Gigerenzer, G. (2009). Fast and Frugal Forecasting, International Journal of 
Forecasting 25(4), pp. 760-772. DOI: 10.1016/j.ijforecast.2009.05.010.  

Goldstein, W. M. (1990). Judgments of Relative Importance in Decision Making: Global vs Local 
Interpretations of Subjective Weight, Organizational Behavior and Human Decision Processes 47(2), 
pp. 313-336. DOI: 10.1016/0749-5978(90)90041-7. 

Gonzalez, C. & Kasper, G. M. (1997). Animation in User Interfaces Designed for Decision Support 
Systems: The Effects of Image Abstraction, Transition, and Interactivity on Decision Quality, Decision 
Sciences 28(4), pp. 793.-823. DOI: 10.1111/j.1540-5915.1997.tb01332.x. 

Goodwin, P. & Wright, G. (2009). Decision Analysis for Management Judgment, 4th edition. Wiley: 
Chichester. 

Govindan, K. & Jepsen, M. B. (2016). ELECTRE: A Comprehensive Literature Review on 
Methodologies and Applications, Euopean Journal of Operational Research 250(1), pp. 1-29. DOI: 
10.1016/j.ejor.2015.07.019. 

Graefe, A. (2015). Improving Forecasts using Equally Weighted Predictors, Journal of Business 
Research 68(8), pp. 1792-1799. DOI: 10.1016/j.jbusres.2015.03.038. 

Greco, S., Ehrgott, M. & Figueira, J. R. (2016). Multiple Criteria Decision Analysis: State of Art 
Surveys, 2

nd Ed. Springer: New York. DOI: 10.1007/978-1-4939-3094-4. 

Green, K. C. & Armstrong, J. S. (2015). Simples versus Complex Forecasting: The Evidence, Journal 
of Business Research 68(8), pp. 1678-1685. DOI: 10.1016/j.jbusres.2015.03.026. 

Gregory, R. S. (2000). Valuing Environmental Policy Options: A Case Study Comparison of 
Multiattribute and Contingent Valuation Survey Methods, Land Economics 76(2), pp. 151-173. 
https://www.jstor.org/stable/3147222. 



 299 

Grether, D. M. & Plott, C. R. (1979). Economic Theory of Choice and the Preference Reversal 
Phenomenon, The American Economic Review 69(4), pp. 623-638. 
https://www.jstor.org/stable/1808708. 

Hahn, M., Lawson, R. & Lee, Y. G. (1992). The Effects of Time Pressure and Information Load on 
Decision Quality, Psychology & Marketing 9(5), pp. 365-378. DOI: 10.1002/mar.4220090503. 

Hajkowicz, S. & Collins, K. (2007). A Review of Multiple Criteria Analysis for Water Resource 
Planning and Management, Water Resource Management 21, pp. 1553-1566. DOI: 10.1007/s11269-
006-9112-5. 

Hamilton, K., Shih, S. & Mohammed, S. (2016). The Development and Validation of the Rational and 
Intuitive Decision Styles Scale, Journal of Personality Assessment 98(5), pp. 523-535. DOI: 
10.1080/00223891.2015.1132426. 

Hammond, J. S., Keeney, R. L. & Raiffa, H. (2015). Smart Choices: A Practical Guide to Making Better 
Decisions. Harvard Business Review Press: Cambridge. 

Harker, P. T. & Vargas, L. G. (1987). The Theory of Ratio Scale Estimation: Saaty’s Analytic Hierarchy 
Process, Management Science 33(11), pp. 1383-1403. DOI: 10.1287/mnsc.33.11.1383. 

Harte, J. M. & Koele, P. (2001). Modelling and Describing Human Judgment Processes: The 
Multiattribute Evaluation Case, Thinking & Reasoning 7(1), pp. 29-49. DOI: 
10.1080/13546780042000028.  

Hau, R., Pleskac, T. J., Kiefer, J. & Hertwig, R. (2008). The Description-Experience Gap in Risky 
Choice: The Role of Sample Size and Experienced Probabilities, Journal of Behavioral Decision 
Making 21, pp. 493-518. DOI: 10.1002/bdm.598.  

Hayashi, K. (2000). Multicriteria Analysis for Agricultural Resource Management: A Critical Survey 
and Future Perspectives, European Journal of Operational Research 122(2), pp. 486-500. DOI: 
10.1016/S0377-2217(99)00249-0.  

Hazelrigg, G. A. (2003). Validation of Engineering Design Alternative Selection Methods, Engineering 
Optimization 35(2), pp. 103-120. DOI: 10.1080/0305215031000097059. 

Hämäläinen, R. P. & Salo, A. A. (1997). The Issue is Understanding the Weights, Journal of Multi-
Criteria Decision Analysis 6(6), pp. 340-343. DOI: 10.1002/(SICI)1099-1360(199711)6:6<340::AID-
MCDA170>3.0.CO;2-7. 

Hämäläinen, R. P., Luoma, J. & Saarinen, E. (2013). On the Importance of Behavioral Operational 
Research: The Case of Understanding and Communicating about Dynamic Systems, European Journal 
of Operational Research 228(3), pp. 623-634. DOI: 10.1016/j.ejor.2013.02.001. 

Hämäläinen, R. P. & Lahtinen, T. J. (2016). Path Dependence in Operational Research – How the 
Modeling Process can Influence the Results, Operations Research Perspectives 3, pp. 14-20. DOI: 
10.1016/j.orp.2016.03.001.  

 



 300 

Häubl, G. & Trifts, V. (2000). Consumer Decision Making in Online Shopping Environments: The 
Effects of Interactive Decision Aids, Marketing Science 19(1), pp. 4-21. DOI: 
10.1287/mksc.19.1.4.15178. 

Heck, D. W., Hilbig, B. E. & Moshagen, M. (2017). From Information Processing to Decisions: 
Formalizing and Comparing Psychologically Plausible Choice Models, Cognitive Psychology 96, pp. 
26-40. DOI: 10.1016/j.cogpsych.2017.05.003. 

Henig, M. I. & Buchanan, J. T. (1996). Solving MCDM Problems: Process Concepts, Journal of Multi-
criteria Decision Analysis 5(1), pp. 3-21. DOI: 10.1002/(SICI)1099-1360(199603)5:1<3::AID-
MCDA85>3.0.CO;2-6.  

Hensher, D. A. (2006). How do Respondents Process Stated Choice Experiments? Attribute 
Consideration under Varying Information Load, Journal of Applied Econometrics 21(6), pp. 861-878. 
DOI: 10.1002/jae.877. 

Hershey, J. C., Kunreuther, H. C. & Schoemaker, P. J. H. (1982). Sources of Bias in Assessment 
Procedures for Utility Functions, Management Science 28(8), pp. 936-954. DOI: 
10.1287/mnsc.28.8.936. 

Hertwig, R., Barron, G., Weber, E. U. & Erev, I. (2004). Decisions from Experience and the Effect of 
Rare Events in Risky Choice, Psychological Science 15(8), pp. 534-539. DOI: 10.1111/j.0956-
7976.2004.00715.x. 

Herzog, S. M. & von Helversen, B. (2018). Strategy Selection versus Strategy Blending: A Predictive 
Perspective on Single- and Multi-Strategy Accounts in Multiple-Cue Estimation, Journal of Behavioral 
Decision Making 31, pp. 233-249. DOI: 10.1002/bdm.1958. 

Hilbig, B. E. (2010). Reconsidering “Evidence” for Fast-and-Frugal Heuristics, Psychonomic Bulletin 
& Review 17(6), pp. 923-930. DOI: 10.3758/PBR.17.6.923. 

Hilbig, B. E., Moshagen, M. (2014). Generalized Outcome-Based Strategy Classification: Comparing 
Deterministic and Probabilistic Choice Models, Psychonomic Bulleting & Review 21(6), pp. 1431-1443. 
DOI: 10.3758/s13423-014-0643-0. 

Ho, W., Xu, X. & Dey, P. K. (2010). Multi-Criteria Decision Making Approaches for Supplier 
Evaluation and Selection: A Literature Review, European Journal of Operational Research 202(1), pp. 
16-24. DOI: 10.1016/j.ejor.2009.05.009. 

Hogarth, R. M. (1987). Judgement and Choice, 2nd Edition. Wiley: Chichester. 

Hogarth, R. M. & Karelaia, N. (2005). Simple Models for Multiattribute Choice with Many Alternatives: 
When it Does and Does Not Pay to Face Trade-offs with Binary Attributes, Management Science 51(12), 
pp. 1860-1872. DOI: 10.1287/mnsc.1050.0448.  

Hsee, C. K. & Rottenstreich, Y. (2004). Music, Pandas, and Muggers: One the Affective Psychology of 
Value, Journal of Experimental Psychology: General 133(1), pp. 23-30. 

 



 301 

Huang, I. B., Keisler, J. & Linkov, I. (2011). Multi-Criteria Decision Analysis in Environmental 
Sciences: Ten Years of Applications and Trends, Science of the Total Environment 409(19), pp. 3578-
3594. DOI: 10.1016/j.scitotenv.2011.06.022. 

Huber, O., Wider, R. & Huber, O. W. (1997). Active Information Search and Complete Information 
Presentation in Naturalistic Risky Decision Tasks, Acta Psychologica 95(1), pp. 15-29. DOI: 
10.1016/S0001-6918(96)00028-5. 

Huber, O., Huber, O. W. & Schulte-Mecklenbeck, M. (2011). Determining the Information that 
Participants Need: Methods of Active Information Search, in Schulte-Mecklenbeck, M. et al. (eds.) A 
Handbook of Process Tracing Methods for Decision Research. Psychology Press: New York. 

Hwang, Y. M. & Lee, K. C. (2018). Using an Eye-Tracking Approach to Explore Gender Differences 
in Visual Attention and Shopping Attitudes in an Online Shopping Environment, International Journal 
of Human-Computer Interaction 34(1), pp. 15-24. DOI: 10.1080/10447318.2017.1314611. 

Ishizaka, A. & Nemery, P. (2013). Multi Criteria Decision Analysis: Methods and Software. Wiley: 
Chichester. 

Jaccard, J., Brinberg, D. & Ackerman, L. J. (1986). Assessing Attribute Importance: A Comparison of 
Six Methods, Journal of Consumer Research 12(4), pp. 463-468. https://www.jstor.org/stable/254305. 

Jacob, R. J. K. (1991). The Use of Eye Movements in Human-Computer Interaction Techniques: What 
you Look at is What you Get, ACM Transactions on Information Systems 9(2), pp. 152-169. DOI: 
10.1145/123078.128728. 

Jacobi, S. K. & Hobbs, B. F. (2007). Quantifying and Mitigating the Splitting Bias and Other Value 
Tree-Induced Weighting Biases, Decision Analysis 4(4), pp. 194-210. DOI: 10.1287/deca.1070.0100. 

Jarvenpaa, S. L. (1989). The Effect of Task Demands and Graphical Format on Information Processing 
Strategies, Management Science 35(3), pp. 285-303. DOI: 10.1287/mnsc.35.3.285. 

Jasper, J. D. & Shapiro, J. (2002). MouseTrace: A Better Mousetrap for Catching Decision Processes, 
Behavior Research Methods, Instruments, & Computers 34(3), pp. 364-374. DOI: 
10.3758/BF03195464. 

Jekel, M., Fiedler, S. & Glöckner, A. (2011). Diagnostic Task Selection for Strategy Classification in 
Judgment and Decision Making: Theory, Validation, and Implementation in R, Judgment and Decision 
Making 6(8), pp. 782-799.  

Jimenez, A., Rios-Insua, S. & Mateos, A. (2006). A generic Multi-Attribute Analysis System, 
Computers & Operations Research 33(4), pp. 1081-1101. DOI: 10.1016/j.cor.2004.09.003. 

Johnson, E. J.  & Payne J. W. (1985). Effort and Accuracy in Choice, Management Science 31(4), pp. 
395-414. DOI: 10.1287/mnsc.31.4.395. 
 
Johnson, E. J., Meyer, R. J. & Ghose, S. (1989). When Choice Models Fail: Compensatory Models in 
Negatively Correlated Environments, Journal of Marketing Research 26(3), pp. 255-270. DOI: 
10.1177/002224378902600301. 
 



 302 

Johnson, E. J., Moe, W. W., Fader, P. S., Bellman, S. & Lohse, G. L. (2004). On the Depth and Dynamics 
of Online Search Behavior, Management Science 50(3), pp. 299-308. DOI: 10.1287/mnsc.1040.0194. 
 
Johnson, E. J., Schulte-Mecklenbeck, M. & Willemsen, M. C. (2008). Process Models deserve Process 
Data: Comment on Brandstätter, Gigerenzer, and Hertwig (2006), Psychological Review 115(1), pp. 
263-273. DOI: 10.1037/0033-295X.115.1.263. 
 
Johnson, E. M. & Huber, G. P. (1977). The Technology of Utility Assessment, IEEE Transactions on 
System, Man, and Cybernetics 7(5), pp. 311-325. 

Johnson, R. M. (1987). Adaptive Conjoint Analysis, Sawtooth Software Conference Proceedings, pp. 
253-265. Sawtooth Software Ketchum: Sequim. 

Juanchich, M., Dewberry, C., Sirota, M. & Narendran, S. (2016). Cognitive Reflection predicts Real-
Life Decision Outcomes, but Not over and above Personality and Decision-Making Styles, Journal of 
Behavioral Decision Making 29, pp. 52-59. DOI: 10.1002/bdm.1875. 

Kabir, G., Sadiq, R. & Tesfamariam, S. (2014). A Review of Multi-Criteria Decision Making Methods 
for Infrastructure Management, Structure and Infrastructure Engineering 10(9), pp. 1176-1210. DOI: 
10.1080/15732479.2013.795978. 

Kahn, B. E. & Baron, J. (1995). An Exploratory Study of Choice Rules Favored for High-stakes 
Decisions, Journal of Consumer Psychology 4(4), pp. 305-328. DOI: 10.1207/s15327663jcp0404_01. 

Kahneman, D. & Tversky, A. (1979). Prospect Theory: An Analysis of Decision under Risk, 
Econometrica 47(2), pp. 263-292. 

Kahneman, D. & Snell, J. (1992). Predicting a Changing Taste: Do People Know What they will Like?, 
Journal of Behavioral Decision Making 5(3), pp. 187-200. DOI: 10.1002/bdm.3960050304. 

Kahneman, D. (1994). New Challenges to the Rationality Assumption, Journal for Institutional and 
Theoretical Economics 150(1), pp. 18-36. http://www.jstor.org/stable/40753012. 

Kam, C. D. (2005). Who Toes the Party Line? Cues, Values, and Individual Differences, Political 
Behavior 27(2), pp. 163-182. DOI: 10.1007/s11109-005-1764-y.  

Katsikopoulos, K. V. (2009). Coherence and Correspondence in Engineering Design: Informing the 
Conversation and Connecting with Judgment and Decision-making Research, Judgment and Decision 
Making 4(2), pp. 147-153.  

Katsikopoulos, K. V. (2011). Psychological Heuristics for Making Inferences: Definition, Performance, 
and the Emerging Theory and Practice, Decision Analysis 8(1), pp. 10-29. DOI: 
10.1287/deca.1100.0191. 

Katsikopoulos, K. V. (2012). Decision Methods for Design: Insights from Psychology, Journal of 
Mechanical Design 134(8), pp. 084504. DOI: 10.1115/1.4007001. 

Katsikopoulos, K. V. & Syntetos, A. (2016). Bias-Variance Trade-offs in Demand Forecasting, 
Foresight: The International Journal of Applied Forecasting 40, pp. 12-19.   

 



 303 

Katsikopoulos, K. V., Durbach, I. N. & Stewart, T. J. (2018). When Should we Use Simple Decision 
Models? A Synthesis of Various Research Strands, Omega 81, pp. 17-25. DOI: 
10.1016/j.omega.2017.09.005. 

Keefer, D. L., Kirkwood, C. W. & Corner, J. L. (2004). Perspective on Decision Analysis Applications, 
1990-2001, Decision Analysis 1(1), pp. 4-22. DOI: 10.1287/deca.1030.0004.  

Keeney, R. L. & Raiffa, H. (1976). Decisions with Multiple Objectives: Preferences and Value 
Tradeoffs. Wiley: New York. 

Keeney, R. L. (1982). Decision Analysis: An Overview, Operations Research 30(5), pp. 803-838. DOI: 
10.1287/opre.30.5.803.   

Keeney, R. L. (1992). One the Foundations of Prescriptive Decision Analysis, in Edwards, W. (eds.) 
Utility Theories: Measurements and Applications. Springer: Dordrecht. DOI: 10.1007/978-94-011-
2952-7_3. 

Keeney, R. L. (1996). Value-focused Thinking: Identifying Decision Opportunities and Creating 
Alternatives, European Journal of Operational Research 92, pp. 537-549. DOI: 10.1016/0377-
2217(96)00004-5. 

Keeney, R. L. (2002). Common Mistakes in Making Value Trade-offs, Operations Research 50(6), pp. 
935-945. DOI: 10.1287/opre.50.6.935.357. 

Keeney, R. L. & Gregory, R. S. (2005). Selecting Attributes to Measure the Achievement of Objectives, 
Operations Research 53(1), pp. 1-11. DOI: 10.1287/opre.1040.0158. 
 
Keller, K. L. & Staelin, R. (1987). Effects of Quality and Quantity of Information of Decision 
Effectiveness, Journal of Consumer Research 14(2), pp. 200-213. 
https://www.jstor.org/stable/2489411. 
 
Keller, N. & Katsikopoulos, K. V. (2016). On the Role of Psychological Heuristics in Operational 
Research; and a Demonstration in Military Stability Operations, European Journal of Operational 
Research 249(3), pp. 1063-1073. DOI: 10.1016/j.ejor.2015.07.023. 
 
Keren, G. & de Bruin, W. B. (2003). On the Assessment of Decision Quality: Considerations Regarding 
Utility, Conflict and Accountability, in Hardman, D. & Macchi, L. (eds.) Thinking: Psychological 
Perspectives on Reasoning, Judgment and Decision Making. Wiley: Chichester. 
 
Klein, G. (2002). The Fiction of Optimization, in Gigerenzer, G. & Selten, R. (eds.) Bounded 
Rationality: The Adaptive Toolbox. MIT Press: Cambridge. 
 
Klein, N. M. & Yadav, M. S. (1989). Context Effects on Effort and Accuracy in Choice: An Enquiry 
into Adaptive Decision Making, Journal of Consumer Research 15(4), pp. 411-421. DOI: 
10.1086/209181. 
 
Korhonen, P. J., Moskowitz, H. & Wallenius, J. (1992). Multiple Criteria Decision Support – A Review, 
European Journal of Operational Research 63(3), pp. 361-375. DOI: 10.1016/0377-2217(92)90155-3. 
 
Korhonen, P. J., Silvennoinen, K., Wallenius, J. & Öörni, A. (2013). A careful Look at the Importance 
of Criteria and Weights, Annals of Operations Research 211, pp. 565-578. DOI: 10.1007/s10479-012-
1307-y. 
 



 304 

Korhonen, P. J., Malo, P., Pajala, T., Ravaja, N., Somervuori, O. & Wallenius, J. (2018). Context 
Matters: The Impact of Product Type, Emotional Attachment and Information Overload on Choice 
Quality, European Journal of Operational Research 264(1), pp. 270-279. DOI: 
10.1016/j.ejor.2017.06.060. 
 
Köksalan, M., Wallenius, J. & Zionts, S. (2013). An early History of Multiple Criteria Decision Making, 
Journal of Multi-Criteria Decision Analysis 20, pp. 87-94. DOI: 10.1002/mcda.1481.  
 
Lahtinen, T. J., Hämäläinen, R. P. & Jenytin, C. (2020). On Preference Elicitation Processes which 
Mitigate the Accumulation of Biases in Multi-criteria Decision Analysis, European Journal of 
Operational Research 282(1), pp. 201-210. DOI: 10.1016/j.ejor.2019.09.004. 
 
Lai, S.-K. (2001). Am Empirical Study of Equivalence Judgments vs. Ratio Judgments in Decision 
Analysis, Decision Sciences 32(2), pp. 277-302. DOI: 10.1111/j.1540-5915.2001.tb00961.x. 
 
Lansdowne, Z. F. (1996). Ordinal Ranking Methods for Multicriterion Decision Making, Naval 
Research Logistics 43(5), pp. 613-627. DOI: 10.1002/(SICI)1520-6750(199608)43:5<613::AID-
NAV2>3.0.CO;2-8. 
 
Larrick, R. P., Morgan, J. N. & Nisbett, R. E. (1990). Teaching the Use of Cost-Benefit Reasoning in 
Everyday Life, Psychological Science 1(6), pp. 362-370. 
 
Larrick, R. P. (2004). Debiasing, in Koehler, D. J. & Harvey, N. (eds.) Blackwell Handbook of Judgment 
and Decision Making. Blackwell Publishing: Malden. 
 
Lee, B. K. & Lee, W. N. (2004). The Effect of Information Overload on Consumer Choice Quality in 
an On-Line Environment, Psychology & Marketing 21(3), pp. 159-183. DOI: 10.1002/mar.20000. 
 
Lerner, J. S. & Tetlock, P. E. (1999). Accounting for the Effects of Accountability, Psychological 
Bulletin 125(2), pp. 255-275.  
 
Levav, J., Reinholtz, N. & Lin, C. (2012). The Effect of Ordering Decisions by Choice-Set Size on 
Consumer Search, Journal of Consumer Research 39(3), pp. 585-599. DOI: 10.1086/664498. 
 
Levin, I. P., Kim, K. J. & Corry, F. A. (1976). Invariance of the Weight Parameter in Information 
Integration, Memory & Cognition 4(1), pp. 43-47.  
 
Levin, I. P., Schneider, S. L. & Gaeth, G. J. (1998). All Frames are not Created Equal: A Typology and 
Critical Analysis of Framing Effects, Organizational Behavior and Human Decision Processes 76(2), 
pp. 149-188. 
 
Li, B. & Hensher, D. A. (2017). Risky Weighting in Discrete Choice, Transportational Research Part 
B: Methodological 102, pp. 1-21. DOI: 10.1016/j.trb.2017.04.014. 
 
Lichtenstein, S. & Slovic, P. (1971). Reversals of Preference between Bids and Choices in Gambling 
Decision, Journal of Experimental Psychology 89(1), pp. 46-55. DOI: 10.1037/h0031207. 
 
Lichtenstein, S. & Slovic, P. (2006). The Construction of Preference. Cambridge University Press: 
Cambridge. 
 
Lienert, J., Duygan, M. & Zheng, J. (2016). Preference Stability over Time with Multiple Elicitation 
Methods to Support Wastewater Infrastructure Decision-Making, European Journal of Operational 
Research 253(3), pp. 746-760. DOI: 10.1016/j.ejor.2016.03.010. 
 



 305 

Lohse, G. L. & Johnson, E. J. (1996). A Comparison of Two Process Tracing Methods for Choice Tasks, 
Organizational Behavior and Human Decision Processes 68(1), pp. 28-43. DOI: 
10.1006/obhd.1996.0087. 
 
Loken, E. (2007). Use of Multicriteria Decision Analysis Methods for Energy Planning Problems, 
Renewable and Sustainable Energy Reviews 11(7), pp. 1584-1595. DOI: 10.1016/j.rser.2005.11.005. 
 
Loomes, G. & Sugden, R. (1982). Regret Theory: An Alternative Theory of Rational Choice under 
Uncertainty, The Economic Journal 92(368), pp. 805-824. DOI: 10.2307/2232669. 
 
Loomes, G. & Pogrebna, G. (2017). Do Preference Reversals Disappear When we Allow for 
Probabilistic Choice, Management Science 63(1), pp. 166-184. DOI: 10.1287/mnsc.2015.2333. 
 
Luce, M. F., Bettman, J. & Payne J. (1997). Choice Processing in emotionally difficult Decisions, 
Journal of Experimental Psychology: Learning, Memory, and Cognition 23(2), pp. 384-405. 
 
Lumley, T., Diehr, P., Emerson, S. & Chen, L. (2002). The Importance of the Normality Assumption in 
large Public Health Data Sets, Annual Review of Public Health 23, pp. 151-169. DOI: 
10.1146/annurev.publhealth.23.100901.140546. 
 
Lurie, N. H. (2004). Decision Making in Information-Rich Environments: The Role of Information 
Structure, Journal of Consumer Research 30(4), pp. 473-486. 
https://www.jstor.org/stable/10.1086/380283. 
 
Macharis, C., Springael, J., De Brucker, K. & Verbeke, A. (2004). PROMETHE and AHP: The Design 
of Operational Synergies in Multicriteria Analysis. Strengthening PROMETHEE with Ideas of AHP, 
European Journal of Operational Research 153(2), pp. 307-317. DOI: 10.1016/S0377-2217(03)00153-
X. 
 
Makridakis, S. & Hibon, M. (2000). The M3-Competition: Results, Conclusions, and Implications, 
International Journal of Forecasting 16(4), pp. 451-476. DOI: 10.1016/S0169-2070(00)00057-1. 
 
March, J. G. (1978). Bounded Rationality, Ambiguity, and the Engineering of Choice, The Bell Journal 
of Economics 9(2), pp. 587-608. DOI: 10.2307/3003600. 
 
Marewski, J. N., Gaissmaier, W. & Gigerenzer, G. (2010). Good Judgments Do Not Require Complex 
Cognition, Cognitive Process 11, pp. 103-121. DOI: 10.1007/s10339-009-0337-0. 
 
Marewski, J. N., Bröder, A. & Glöckner, A. (2018). Some Metatheoretical Reflections on Adaptive 
Decision Making and the Strategy Selection Problem, Journal of Behavioral Decision Making 31(2), 
pp. 181-198. DOI: 10.1002/bdm.2075. 
 
Markowitz, H. (1952). The Utility of Wealth, Journal of Political Economy 60(2), pp. 151-158. 
https://www.jstor.org/stable/1825964. 
 
Martignon, L. & Hoffrage, U. (2002). Fast, Frugal, and Fit: Simple Heuristics for Paired Comparison, 
Theory and Decision 52, pp. 29-71. DOI: 10.1023/A:1015516217425. 
 
Marttunen, M., Lienert, J. & Belton, V. (2017). Structuring Problems for Multi-Criteria Decision 
Analysis in Practice: A Literature Review of Method Combinations, European Journal of Operational 
Research 263(1), pp. 1-17. DOI: 10.1016/j.ejor.2017.04.041. 
 
McDaniels, T. (2019). Four Decades of Transformation in Decision Analytic Practice for Societal Risk 
Management, Risk Analysis (early view). DOI: 10.1111/risa.13332. 
 



 306 

Meissner, P. & Wulf, T. (2014). Antecendents and Effects of Decision Comprehensivenes: The Role of 
Decision Quality and Perceived Uncertainty, European Management Journal 32(4), pp. 625-635. DOI: 
10.1016/j.emj.2013.10.006.  
 
Meißner, M., Oppewal, H. & Huber, J. (2020). Surprising Adaptivity to Set Size Changes in Multi-
attribute repeated Choice Tasks, Journal of Business Research 111, pp. 163-175. DOI: 
10.1016/j.jbusres.2019.01.008. 
 
Miller, G. A. (1956). The Magical Number Seven, plus or minus Two: Some Limits on our Capacity for 
Processing Information, Psychological Review 63(2), pp. 81-97. DOI: 10.1037/h0043158. 
 
Monat, J. P. (2009). The Benefits of Global Scaling in Multi-Criteria Decision Analysis, Judgment and 
Decision Making 4(6), pp. 492-508. 
 
Montgomery, H. (1983). Decision Rules and the Search for a Dominance Structure: Towards a Process 
Model of Decision Making, Advances in Psychology 14, pp. 343-369. DOI: 10.1016/S0166-
4115(08)62243-8. 
 
Montgomery, H., Gärling, T., Lindberg, E. & Selart, M. (1990). Preference Judgments and Choice: Is 
the Prominence Effect due to Information Integration or Information Evaluation, in Borcherding, K. et 
al. (eds.) Contemporary Issues in Decision Making. North-Holland: Amsterdam. 
 
Montibeller, G., Gummer, H. & Tumidei, D. (2006). Combining Scenario Planning and Multi-Criteria 
Decision Analysis in Practice, Journal of Multi-Criteria Decision Analysis 14, pp. 5-20. DOI: 
10.1002/mcda.403. 
 
Montibeller, G. & Belton, V. (2006). Causal Maps and the Evaluation of Decision Options – A Review, 
Journal of the Operational Research Society 57(7), pp. 779-791. DOI: 10.1057/palgrave.jors.2602214. 
 
Montibeller, G. & Franco, L. A. (2007). Decision and Risk Analysis for the Evaluation of Strategic 
Options, in O’Brien, F. A. & Dyson, R. G. (eds.) Supporting Strategy: Frameworks, Methods and 
Models. Wiley: Chichester. 
 
Montibeller, G. & Franco, L. A. (2010). Multi-Criteria Decision Analysis for Strategic Decision 
Making, in Zopounidis, C. & Pardalos, P. M. (eds.) Handbook of Multicriteria Analysis. Springer: 
Berlin. DOI: 10.1007/978-3-540-92828-7_2. 
 
Montibeller, G. & Franco, L. A. (2011). Raising the Bar: Strategic Multi-Criteria Decision Analysis, 
Journal of the Operational Research Society 62(5), pp. 855-867. DOI: 10.1057/jors.2009.178. 
 
Montibeller, G. & von Winterfeldt, D. (2015). Cognitive and Motivational Biases in Decision and Risk 
Analysis, Risk Analysis 35(7), pp. 1230-1251. DOI: 10.1111/risa.12360. 
 
Montibeller, G., Patel, P. & del Rio Vilas, V. J. (2020). A Critical Analysis of Multi-criteria Models for 
the Prioritisation of Health Threats, European Journal of Operational Research 281(1), pp. 87-99. DOI: 
10.1016/j.ejor.2019.08.018.  
 
Morton, A. & Fasolo, B. (2009). Behavioural Decision Theory for Multi-Criteria Decision Analysis: A 
Guided Tour, Journal of the Operational Research Society 60, pp. 268-275. DOI: 
10.1057/palgrave.jors.2602550. 
 
Norman, E. & Schulte-Mecklenbeck, M. (2010). Take a Quick Click at That! Mouselab and Eye-
Tracking as Tools to Measure Intuition, in Glöckner, A. & Witteman, C. (eds.) Foundations for Tracing 
Intuition: Challenges and Methods. Psychology Press: New York.  
 



 307 

O’Keefe, R. M. (2016). Experimental Behavioural Research in Operational Research: What we Know 
and What we might come to Know, European Journal of Operational Research 249(3), pp. 899-907. 
DOI: 10.1016/j.ejor.2015.09.027. 
 
Olson, E. L. & Widing, R. E. (2002). Are Interactive Decision Aids Better than Passive Decision Aids? 
A Comparison with Implications for Information Providers on the Internet, Journal of Interactive 
Marketing 16(2), pp. 22-33. DOI: 10.1002/dir.10007. 
 
Oppenheimer, D. M. & Kelso, E. (2015). Information Processing as a Paradigm for Decision Making, 
Annual Review of Psychology 66, pp. 277-294. DOI: 10.1146/annurev-psych-010814-015148. 
 
Orquin, J. L. & Mueller Loose, S. (2013). Attention and Choice: A Review on Eye Movements in 
Decision Making, Acta Psychologica 144(1), pp. 190-206. DOI: 10.1016/j.actpsy.2013.06.003. 
 
Pajala, T., Korhonen, P. J. & Wallenius, J. (2019). Judgments of Importance Revisited: What do they 
Mean?, Journal of the Operational Research Society 70(7), pp. 1140-1148. DOI: 
10.1080/01605682.2018.1489346. 
 
Pajala, T. (2019). Explaining Choice Quality with Decision Style, Cognitive Reflection and Decision 
Environment, Journal of the Operational Research Society 70(9), pp. 1410-1424. DOI: 
10.1080/01605682.2018.1495994. 
 
Payne, J. W. (1976). Task Complexity and Contingent Processing in Decision Making: An Information 
Search and Protocol Analysis, Organizational Behavior and Human Performance 16(2), pp. 366-387. 
DOI: 10.1016/0030-5073(76)90022-2. 
 
Payne, J. W., Bettman, J. R. & Johnson, E. J. (1988). Adaptive Strategy Selection in Decision Making, 
Journal of Experimental Psychology: Learning, Memory and Cognition 14(3), pp. 534-552. DOI: 
10.1037/0278-7393.14.3.534.   
 
Payne, J. W., Bettman, J. R., Coupey, E. & Johnson, E. J. (1992a). A Constructive Process View of 
Decision Making: Multiple Strategies in Judgment and Choice, Acta Psychologica 80(1-3), pp. 107-
141. DOI: 10.1016/0001-6918(92)90043-D. 
 
Payne, J. W., Bettman, J. R. & Johnson, E. J. (1992b). Behavioral Decision Research: A Constructive 
Processing Perspective, Annual Review of Psychology 43, pp. 87-131. DOI: 
10.1146/annurev.ps.43.020192.000511. 
 
Payne, J. W., Bettman, J. R. & Johnson, E. J. (1993). The Adaptive Decisionmaker. Cambridge 
University Press: Cambridge. 
 
Payne, J. W. & Bettman, J. R. (1994). The Costs and Benefits of Alternative Measures of Search 
Behavior: Comments on Böckenholt & Hynan, Journal of Behavioral Decision Making 7, pp. 119-122. 
 
Payne, J. W., Bettman, J. R. & Schkade, D. A. (1999). Measuring Constructed Preferences: Towards a 
Building Code, Journal of Risk and Uncertainty 19(1-3), pp. 243-270. DOI: 
10.1023/A:1007843931054. 
 
Payne, J. W. & Bettman, J. R. (2002). Preferential Choice and Adaptive Strategy Use, in Gigerenzer, G. 
& Selten, R. (eds.) Bounded Rationality: The Adaptive Toolbox. MIT Press: Cambridge. 
 
Payne, J. W. & Bettman, J. R. (2004). Walking with the Scarecrow: The Information-processing 
Approach to Decision Research, in Koehler, D. J. & Harvey, N. (eds.) Blackwell Handbook of Judgment 
and Decision Making. Blackwell: Malden. 
 



 308 

Pfeiffer, J., Meißner, M., Brandstätter, E., Riedl, R., Decker, R. & Rothlauf, F. (2014). On the Influence 
of Context-Based Complexity on Information Search Patterns: An Individual Perspective, Journal of 
Neuroscience, Psychology, and Economics 7(2), pp. 103-124. DOI: 10.1037/npe0000021. 
 
Pfeiffer, J., Duzevik, D., Rothlauf, F., Bonabeau, E. & Yamamoto, K. (2015). An Optimized Design of 
Choice Experiments: A New Approach for Studying Decision Behavior in Choice Task Experiments, 
Journal of Behavioral Decision Making 28, pp. 262-280. DOI: 10.1002/bdm.1847. 
 
Phillips, L. D. & Phillips, M. C. (1993). Facilitated Work Groups: Theory and Practice, The Journal of 
the Operational Research Society 44(6), pp. 533-549. DOI: 10.1057/jors.1993.96. 
 
Phillips, L. D. (2017). Best Practice for MCDA in Healthcare, in Marsh, K. et al. (eds.) Multi-Criteria 
Decision Analysis to Support Healthcare Decisions. Springer: Cham. DOI: 10.1007/978-3-319-47540-
0_16. 
 
Pieters, R. & Warlop, L. (1999). Visual Attention during Brand Choice: The Impact of Time Pressure 
and Task Motivation, International Journal of Research in Marketing 16(1), pp. 1-16. DOI: 
10.1016/S0167-8116(98)00022-6. 
 
Podsakoff, P. M. & Organ, D. W. (1986). Self-Reports in Organizational Research: Problems and 
Prospects, Journal of Management 12(4), pp. 531-544. DOI: 10.1177/014920638601200408. 
 
Pohekar, S. D. & Ramachandran, M. (2004). Application of Multi-Criteria Decision Making to 
sustainable Energy Planning – A Review, Renewable and Sustainable Energy Reviews 8(4), pp. 365-
381. DOI: 10.1016/j.rser.2003.12.007. 
 
Pöyhönen, M. & Hämäläinen, R. P. (2000). There is Hope in Attribute Weighting, INFOR: Information 
Systems and Operational Research 38(3), pp. 272-282. DOI: 10.1080/03155986.2000.11732412. 
 
Pöyhönen, M. & Hämäläinen R. P. (2001). On the Convergence of Multiattribute Weighting Methods, 
European Journal of Operational Research 129(3), pp. 569-585. DOI: 10.1016/S0377-2217(99)00467-
1. 
 
Queen, T. L., Hess, T. M., Ennis, G. E., Dowd, K. & Grühn, D. (2012). Information Search and Decision 
Making: Effects of Age and Complexity on Strategy Use, Psychology and Aging 27(4), pp. 817-824. 
DOI: 10.1037/a0028744. 
 
Raghunathan, S. (1999). Impact of Information Quality and Decision-Maker Quality on Decision 
Quality: A Theorethical Model and Simulation Analysis, Decision Support Systems26(4), pp. 275-286. 
DOI: 10.1016/S0167-9236(99)00060-3. 
 
Raiffa, H. (1968). Decision Analysis: Introductory Lectures on Choices under Uncertainty. Random 
House: New York.  

Ratcliff, R. & Smith, P. L. (2004). A Comparison of Sequential Sampling Models for Two-Choice 
Reaction Time, Psychological Review 111(2), pp. 333-367. DOI: 10.1037/0033-295X.111.2.333. 

Ratcliff, R. & McKoon, G. (2008). The Diffusion Decision Model: Theory and Data for Two-Choice 
Decision Tasks, Neural Computation 20(4), pp. 873-922. DOI: 10.1162/neco.2008.12-06-420. 

Rayner, K. (2009). Eye Movements and Attention in Reading, Scene Perception, and Visual Search, 
The Quarterly Journal of Experimental Psychology 62(8), pp. 1457-1506. DOI: 
10.1080/17470210902816461. 



 309 

Reisen, N., Hoffrage, U. & Mast, F. W. (2008). Identifying Decision Strategies in a Consumer Choice 
Situation, Judgment and Decision Making 3(8), pp. 641-658. 

Reutskaja, E., Nagel, R., Camerer, C. F. & Rangel, A. (2011). Search Dynamics in Consumer Choice 
under Time Pressure: An Eye-Tracking Study, American Economic Review 101(2), pp. 900-926. DOI: 
10.1257/aer.101.2.900. 

Riabacke, M. (2012). A Prescriptive Approach to Eliciting Decision Information, PhD dissertation. 
Stockholm University: Stockholm. 

Riabacke, M., Danielson, M. & Ekenberg, L. (2012). State-of-the-Art Prescriptive Criteria Weight 
Elicitation, Advances in Decision Sciences (ID 276584), pp. 1-24. DOI: 10.1155/2012/276584. 

Riedl, R., Brandstätter, E. & Roithmayr, F. (2008). Identifying Decision Strategies: A Process- and 
Outcome-based Classification Method, Behavioral Research Methods 40(4), pp. 795-807. DOI: 
10.3758/BRM.40.3.795. 

Rieskamp, J. (2006). Perspectives of Probabilistic Inferences: Reinforcement Learning and an Adaptive 
Network Compared, Journal of Experimental Psychology: Learning, Memory and Cognition 32(6), pp. 
1355-1370. DOI: 10.1037/0278-7393.32.6.1355. 

Rieskamp, J., Busemeyer, J. R. & Mellers, B. A. (2006). Extending the Bounds of Rationality: Evidence 
and Theories of Preferential Choice, Journal of Economic Literature 44(3), pp. 631-661. 
https://www.jstor.org/stable/30032347. 

Rieskamp, J. & Hoffrage, U. (2008). Inferences under Time Pressure: How Opportunity Costs Affect 
Strategy Selection, Acta Psychologica 127, pp. 258-276. DOI: 10.1016/j.actpsy.2007.05.004. 

Rios Insua, D. & French, S. (1991). A Framework for Sensitivity Analysis in Discrete Multi-Objective 
Decision-Making, European Journal of Operational Research 54(2), pp. 176-190. DOI: 10.1016/0377-
2217(91)90296-8. 

Rolland, A. (2013). Reference-Based Preferences Aggregation Procedures in Multi-Criteria Decision 
Making, European Journal of Operational Research 225(3), pp. 479-486. DOI: 
10.1016/j.ejor.2012.10.013. 

Roy, B. (1968). Classement et Choix en Presence de Points de Vue Multiples (La Méthode ELECTRE), 
Review Francaise D Informatique de Recherche Operationnelle 2(8), pp. 57-75. DOI: 
10.1051/ro/196802V100571. 
  
Roy, B. (1990). The Outranking Approach and the Foundations of ELECTRE Methods, in Bana e Costa, 
C. A. (eds.) Readings in Multiple Criteria Decision Aid. Springer: Berlin. DOI: 10.1007/978-3-642-
75935-2_8. 

Roy, B. (1993). Decision Science or Decision-Aid Science?, European Journal of Operational Research 
66(2), pp. 184-203. DOI: 10.1016/0377-2217(93)90312-B.  

Roy, B. & Vanderpooten, D. (1996). The European School of MCDA: Emergence, Basic Features and 
Current Works, Journal of Multi-Criteria Decision Analysis 5(1), pp. 22-38. DOI: 10.1002/(SICI)1099-
1360(199603)5:1<22::AID-MCDA93>3.0.CO;2-F. 



 310 

Russo, J. E. & Rosen, L. D. (1975). An Eye Fixation Analysis of Multialternative Choice, Memory & 
Cognition 3(3), pp. 267-276.  DOI: 10.3758/BF03212910. 

Russo, J. E. & Dosher, B. A. (1983). Strategies for Multiattribute Binary Choice, Journal of 
Experimental Psychology: Learning, Memory, and Cognition 9(4), pp. 676-696. DOI: 10.1037/0278-
7393.9.4.676. 

Russo, J. E. (2011). Eye Fixations as a Process Trace, in Schulte-Mecklenbeck, M. et al. (eds.) A 
Handbook of Process Tracing Methods for Decision Research. Psychology Press: New York. 

Saaty, T. L. (1980). The Analytical Hierarchy Process. McGraw-Hill: New York. 

Saaty, T. L. (1986). Axiomatic Foundation of the Analytic Hierarchy Process, Management Science 
32(7), pp. 841-855. DOI: 10.1287/mnsc.32.7.841. 

Salkind, N. J. (2010). Triangulation, in Salkind, N. J. (eds.). Encyclopedia of Research Design. SAGE 
Publications: Thousand Oaks.  

Samuelson, P. A. (1948). Consumption Theory in Terms of Revealed Preference, Economica 15(60), 
pp. 243-253. https://www.jstor.org/stable/2549561. 

Sarabando, P. & Dias, L. C. (2009). Multiattribute Choice with Ordinal Information: A Comparison of 
Different Decision Rules, IEEE Transactions on Systems, Man, and Cybernetics – Part A: Systems and 
Humans 39(3), pp. 545-554. DOI: 10.1109/TSMCA.2009.2014555. 

Savage, L. J. (1954). The Foundations of Statistics. Wiley: New York.  

Scheibehenne, B. & von Helversen, B. (2015). Selecting Decision Strategies: The Differential Role of 
Affect, Cognition and Emotion 29(1), pp. 158-167. DOI: 10.1080/02699931.2014.896318.  
 
Schkade, D. A. & Johnson, E. J. (1989). Cognitive Processes in Preference Reversals, Organizational 
Behavior and Human Decision Processes 44(2), pp. 203-231. DOI: 10.1016/0749-5978(89)90025-3.  

Schkade, D. A. & Payne, J. W. (1994). How People Respond to Contingent Valuation Questions: A 
Verbal Protocol Analysis of Willingness to Pay for an Environmental Regulation, Journal of 
Environmental Economics and Management 26(1), pp. 88-109. DOI: 10.1006/jeem.1994.1006. 

Schmider, E., Ziegler, M., Danay, E., Beyer, L. & Bühner, M. (2010). Is it really Robust? 
Reinvestigating the Robustness of ANOVA against Violations of the Normal Distribution Assumption, 
Methodology 6, pp. 147-151. DOI: 10.1027/1614-2241/a000016.  

Schoemaker, P. J. H. & Waid, C. C. (1982). An Experimental Comparison of Different Approaches to 
Determining Weights in Additive Utility Models, Management Science 28(2), pp. 182-196. DOI: 
10.1287/mnsc.28.2.182. 

Schulte-Mecklenbeck, M., Kühberger, A. & Ranyard, R. (2011a). The Role of Process Data in the 
Development and Testing of Process Models of Judgment and Decision Making, Judgment and Decision 
Making 6(8), pp. 733-739.  

 



 311 

Schulte-Mecklenbeck, M., Kühberger, A. & Ranyard, R. (2011b). A Handbook of Process Tracing 
Methods for Decision Making. Taylor & Francis: New York. 

Schulte-Mecklenbeck, M., Johnson, J. G., Böckenholt, U., Goldstein, D. G., Russo, J. E., Sullivan, N. 
J. & Willemsen, M. C. (2017). Process-Tracing Methods in Decision Making: On Growing Up in the 
70s, Current Directions in Psychological Science 26(5), pp. 442-450. DOI: 
10.1177/0963721417708229. 

Schuwirth, N., Reichert, P. & Lienert, J. (2012). Methodological Aspects of Multi-Criteria Decision 
Analysis for Policy Support: A Case Study on Pharmaceutical Removal from Hospital Wastewater, 
European Journal of Operational Research 220 (2), pp. 472-483. DOI: 10.1016/j.ejor.2012.01.055. 

Schwarz, N. (1999). Self-Reports: How the Questions Shape the Answers, American Psychologist 54(2), 
pp. 93-105. 

Seidl, C. (2002). Preference Reversal, Journal of Economic Surveys 16(5), pp. 621-655. DOI: 
10.1111/1467-6419.00184. 

Senter, S. M. & Wedell, D. H. (1999). Information Presentation Constraints and the Adaptive Decision 
Maker Hypothesis, Journal of Experimental Psychology: Learning, Memory, and Cognition 25(2), pp. 
428-446. DOI: 10.1037/0278-7393.25.2.428. 

Serwe, S. & Frings, C. (2006). Who will Win Wimbledon? The Recognition Heuristic in Predicting 
Sports Events, Journal of Behavioral Decision Making 19(4), pp. 321-332. DOI: 10.1002/bdm.530. 

Shah, A. K. & Oppenheimer, D. M. (2008). Heuristics Made Easy: An Effort-Reduction Framework, 
Psychological Bulletin 134(2), pp. 207-222. DOI: 10.1037/0033-2909.134.2.207. 

Shi, S. W., Wedel, M. & Pieters, F. G. M. (2013). Information Acquisition during Online Decision 
Making: A Model-based Exploration using Eye-tracking Data, Management Science 59(5), pp. 1009-
1026. DOI: 10.1287/mnsc.1120.1625. 

Shim, J. P., Warkentin, M., Courtney, J. F., Power, D. J., Sharda, R. & Carlsson, C. (2002). Past, Present, 
and Future of Decision Support Technology, Decision Support Systems 33(2), pp. 111-126. DOI: 
10.1016/S0167-9236(01)00139-7. 

Shou, Y. & Smithson, M. (2018). Causal Reasoning under Ambiguity: An Illustration of Modeling 
Mixture Strategies, Journal of Behavioral Decision Making 31, pp. 219-232. DOI: 10.1002/bdm.1948. 

Shugan, S. (1980). The Cost of Thinking, Journal of Consumer Research 7(2), pp. 99-111. DOI: 
10.1086/208799. 

Simon, H. A. (1955). A Behavioral Model of Choice, The Quarterly Journal of Economics 69(1), pp. 
99-118.  

Simon, H. A. (1986). Rationality in Psychology and Economics, The Journal of Business 59(4), pp. 209-
224. http://www.jstor.org/stable/2352757. 

Simonson, I. (2008). Will I like a “medium” Pillow? Another Look at Constructed and Inherent 
Preferences, Journal of Consumer Psychology 18(3), pp. 155-169. DOI: 10.1016/j.jcps.2008.04.002. 



 312 

Simsek, Ö. (2013). Linear Decision Rule as Aspiration for Simple Decision Heuristics, Advances in 
Neural Information Processing Systems 26, pp. 2904-2912. 

Slovic, P. (1972). From Shakespeare to Simon: Speculations – and Some Evidence – about Man’s 
Ability to Process Information, Oregon Research Institute 12(2), pp. 1-19. 

Slovic, P. (1995). The Construction of Preference, American Psychologist 50(5), pp. 364-371. DOI: 
10.1037//0003-066x.50.5.364. 
 
Smith, J. E. & von Winterfeldt, D. (2004). Decision Analysis in Management Science, Management 
Science 50(5), pp. 561-574. DOI: 10.1287/mnsc.1040.0243. 
 
Sonntag, A. (2015). Search Costs and Adaptive Consumers: Short Time Delays do not affect Choice 
Quality, Journal of Economic Behvior & Organization 113, pp. 64-79. DOI: 
10.1016/j.jebo.2015.02.024. 
 
Speier, C. (2006). The Influence of Information Presentation Formats on Complex Task Decision-
Making Performance, International Journal of Human-Computer Studies 64(11), pp. 1115-1131. DOI: 
10.1016/j.ijhcs.2006.06.007. 
 
Spinks, J. & Mortimer, D. (2016). Lost in the Crowd? Using Eye-tracking to Investigate the Effect of 
Complexity on Attribute Non-attendance in Discrete Choice Experiments, BMC Medical Informatics 
and Decision Making 16, pp. 1-14. DOI: 10.1186/s12911-016-0251-1. 
 
Spronk, J., Steuer, R. E. & Zopounidis, C. (2016). Multicriteria Decision Aid/Analysis in Finance, in 
Greco, S. et al. (eds.) Multiple Criteria Decision Analysis: State of the Art Surveys. Springer: New York. 
DOI: 10.1007/978-1-4939-3094-4_24. 
 
Stewart, T. J. (1992). A Critical Survey on the Status of Multiple Criteria Decision Making Theory and 
Practice, OMEGA 20(5-6), pp. 569-586. DOI: 10.1016/0305-0483(92)90003-P.  
 
Stewart, T. J. (1996). Robustness of Additive Value Function Methods in MCDM, Journal of Multi-
Criteria Decision Analysis 5, pp. 301-309. DOI: 10.1002/(SICI)1099-1360(199612)5:4<301::AID-
MCDA120>3.0.CO;2-Q. 
 
Stewart, T. R. & Ely, D. W. (1984). Range Sensitivity: A Necessary Condition and a Test for the Validity 
of Weights. Unpublished Manuscript. National Center for Atmospheric Research: Boulder. 
 
Stutzer, A. & Frey, B. S. (2008). Stress that Doesn’t Pay: The Commuting Paradox, Scandinavian 
Journal of Economics 110(2), pp. 339-366. DOI: 10.1111/j.1467-9442.2008.00542.x. 
 
Sundström, G. A. (1987). Information Search and Decision Making: The Effects of Information 
Displays, Acta Psychologica 65(2), pp. 165-179. DOI: 10.1016/0001-6918(87)90025-4. 
 
Swaab, R. I., Phillips, K. W. & Schaerer, M. (2016). Secret Conversation Opportunities Facilitate 
Minority Influence in Virtual Groups: The Influence on Majority Power, Information Processing, and 
Decision Quality, Organizational Behavior and Human Decision Processes 133, pp. 17-32. DOI: 
10.1016/j.obhdp.2015.07.003. 
 
Swait, J. & Adamowicz, W. (2001). The Influence of Task Complexity on Consumer Choice: A Latent 
Class Model of Decision Strategy Switching, Journal of Consumer Research 28(1), pp. 135-148. DOI: 
10.1086/321952. 
 
Taylor, M. P. (2017). Information Acquisition under Risky Conditions across Real and Hypothetical 
Settings, Economic Inquiry 55(1), pp. 352-367. DOI: 10.1111/ecin.12386.  



 313 

Timmermans, D. & Vlek, C. (1996). Effects on Decision Quality of Supporting Multi-Attribute 
Evaluation in Groups, Organizational Behavior and Human Decision Processes 68(2), pp. 158-170. 
DOI: 10.1006/obhd.1996.0096. 
 
Todd, P. & Benbasat, I. (1994). The Influence of Decision Aids on Choice Strategies: An Experimental 
Analysis of the Role of Cognitive Effort, Organizational Behavior and Human Decision Processes 
60(1), pp. 36-74. DOI: 10.1006/obhd.1994.1074. 
 
Todd, P. & Benbasat, I. (1999). Evaluating the Impact of DSS, Cognitive Effort, and Incentives on 
Strategy Selection, Information Systems Research 10(4), pp. 356-374. DOI: 10.1287/isre.10.4.356. 
 
Todd, P. & Benbasat, I. (2000). Inducing Compensatory Information Processing through Decision Aids 
that Facilitate Effort Reduction: An Experimental Assessment, Journal of Behavioral Decision Making 
13(1), pp. 91-106. DOI: 10.1002/(SICI)1099-0771(200001/03)13:1<91::AID-BDM345>3.0.CO;2-A. 
 
Todd, P. M. (2007). How Much Information Do we Need?, European Journal of Operational Research 
177(3), pp. 1317-1332. DOI: 10.1016/j.ejor.2005.04.005. 
 
Train, K. (2009). Discrete Choice Methods with Simulation, 2nd Edition. Cambridge University Press: 
New York. 
 
Tversky, A. (1972). Elimination by Aspects: A Theory of Choice, Psychological Review 79(4), pp. 281-
299. DOI: 10.1037/h0032955. 
 
Tversky, A. & Kahneman, D. (1981). The Framing of Decisions and the Psychology of Choice, Science 
211(4481), pp. 453-458. DOI: 10.1126/science.7455683. 
 
Tversky, A. & Kahneman, D. (1986). Rational Choice and the Framing of Decisions, The Journal of 
Business 59(4), pp. 251-278. https://www.jstor.org/stable/2352759. 
 
Tversky, A. & Kahneman, D. (1991). Loss Aversion in Riskless Choice: A Reference-Dependent 
Model, The Quarterly Journal of Economics 106(4), pp. 1039-1061. DOI: 10.2307/2937956. 
 
Tversky, A. & Kahneman, D. (1992). Advances in Prospect Theory: Cumulative Representation of 
Uncertainty, Journal of Risk and Uncertainty 5(4), pp. 297-323. DOI: 10.1007/BF00122574. 
 
Tversky, A., Sattath, S. & Slovic, P. (1988). Contingent Weighting in Judgment and Choice, 
Psychological Review 95(3), pp. 371-384. 
 
Tversky, A. & Simonson, I. (1993). Context-Dependent Preferences, Management Science 39(10), pp. 
1179-1189. DOI: 10.1287/mnsc.39.10.1179. 
 
Vaidya, O. S. & Kumar, S. (2006). Analytic Hierarchy Process: An Overview of Applications, European 
Journal of Operational Research 169(1), pp. 1-29. DOI: 10.1016/j.ejor.2004.04.028. 
 
Varian, H. R. (2006). Revealed Preference, in Szenberg, M. et al. (eds.) Samuelsonian Economics and 
the 21st Century. Oxford University Press: Oxford.  
 
Van Gog, T., Paas, F. & Van Merrienboer, J. J. G. (2005). Uncovering Expertise-Related Differences 
in Troubleshooting Performance: Combining Eye Movement and Concurrent Verbal Protocol Data, 
Applied Cognitive Psychology 19(2), pp. 205-221. DOI: 10.1002/acp.1112. 
 
Van Ittersum, K., Pennings, J. M. E., Wansink, B. & Van Trijp, H. C. M. (2007). The Validity of 
Attribute-Importance Measurement: A Review, Journal of Business Research 60(11), pp. 1177-1190. 
DOI: 10.1016/j.jbusres.2007.04.001. 



 314 

Van Ommeren, J. (1998). On-the-Job Search Behavior: The Importance of Commuting Time, Land 
Economics 74(4), pp. 526-540. https://www.jstor.org/stable/3146883. 

Velasquez, M. & Hester, P. T. (2013). An Analysis of Multi-Criteria Decision Making Methods, 
International Journal of Operations Research 10(2), pp. 56-66.   
 
Verly, C. & De Smet, Y. (2013). Some Results about Rank Reversal Instances in the PROMETHEE 
Methods, International Journal of Multicriteria Decision Making 3(4), pp. 325-345. DOI: 
10.1504/IJMCDM.2013.056781. 

Vessey, I. (1991). Cognitive Fit: A Theory-Based Analysis of the Graphs Versus Tables Literature, 
Decision Sciences 22(2), pp. 219-240. DOI: 10.1111/j.1540-5915.1991.tb00344.x. 

Von Neumann, J. & Morgenstern, O. (1947). Theory of Games and Economic Behaviour, 2
nd Ed. 

Princeton University Press: Princeton. 

Von Nitzsch, R. & Weber, M. (1993). The Effect of Attribute Ranges on Weights in Multiattribute 
Utility Measurements, Management Science 39(8), pp. 937-943. DOI: 10.1287/mnsc.39.8.937.  

Von Winterfeldt, D. & Edwards, W. (1982). Costs and Payoffs in Perceptual Research, Psychological 
Bulletin 91(3), pp. 609-622. DOI: 10.1037/0033-2909.91.3.609. 
 
Von Winterfeldt, D. & Edwards, W. (1986). Decision Analysis and Behavioral Research. Cambridge 
University Press: Cambridge. 
 
Wallenius, J., Dyer, J. S., Fishburn, P., Steuer, R. E., Zionts, S. & Deb, K. (2008). Multiple Criteria 
Decision Making, Multiattribute Utility Theory: Recent Accomplishments and What lies Ahead, 
Management Science 54(7), pp. 1336-1349. DOI: 10.1287/mnsc.1070.0838. 
 
Wan, E. W., Hong, J. & Sternthal, B. (2009). The Effect of Regulatory Orientation and Decision Strategy 
on Brand Judgments, Journal of Consumer Research 35(6), pp. 1026-1038. DOI: 10.1086/593949. 
 
Wang, J. J., Jing, Y. Y., Zhang, C. F. & Zhao, J. H. (2009). Review on Multi-Criteria Decision Analysis 
Aid in Sustainable Energy Decision Making, Renewable and Sustainable Energy Reviews 13(9), pp. 
2263-2278. DOI: 10.1016/j.rser.2009.06.021.  
 
Wang, X. & Triantaphyllou, E. (2008). Ranking Irregularities when Evaluating Alternatives by Using 
some ELECTRE Models, Omega 36(1), pp. 45-63. DOI: 10.1016/j.omega.2005.12.003. 
 
Weber, E. U., Goldstein, W. M. & Busemeyer, J. R. (1991). Beyond Strategies: Implications of Memory 
Representation and Memory Processes for Models of Judgement and Decision Making, in Hockley, W. 
E. & Lewandowsky, S. (eds.) Relating Theory and Data: Essays on Human Memory in Honor of Bennet 
B. Murdock. Lawrence Erlbaum Associates: New Jersey. 
 
Weber, E. U., Shafir, S. & Blais, A. (2004). Predicting Risk Sensitivity in Humans and Lower Animals: 
Risk as Variance or Coefficient of Variation, Psychological Review 111(2), pp. 430-445. DOI: 
10.1037/0033-295X.111.2.430.  
 
Weber, E. U. & Johnson, E. J. (2009). Mindful Judgment and Decision Making, Annual Review of 
Psychology 60, pp. 53-85. DOI: 10.1146/annurev.psych.60.110707.163633. 
 
Weber, M., Eisenführ, F. & von Winterfeldt, D. (1988). The Effects of Splitting Attributes on Weights 
in Multiattribute Utility Measurement, Management Science 34(4), pp. 431-445. DOI: 
10.1287/mnsc.34.4.431. 



 315 

Weber, M. & Borcherding, K. (1993). Behavioral Influences on Weight Judgments in Multiattribute 
Decision Making, European Journal of Operational Research 67(1), pp. 1-12. DOI: 10.1016/0377-
2217(93)90318-H. 
 
Weistroffer, H. R., Smith, C. H. & Narula, S. C. (2005). Multiple Criteria Decision Support Software, 
in Figueira, J. et al. (eds.) Multiple Criteria Decision Analysis: State of the Art Surveys. Springer: New 
York. DOI: 10.1007/0-387-23081-5_24.  
 
White, L. (2016). Behavioural Operational Research: Towards a Framework for Understanding 
Behaviour in OR Interventions, European Journal of Operational Research 249(3), pp. 827-841. DOI: 
10.1016/j.ejor.2015.07.032. 
 
Willemsen, M. C. & Johnson, E. J. (2011). Visiting the Decision Factory: Observing Cognition with 
MouselabWEB and Other Information Acquisition Methods, in Schulte-Mecklenbeck, M. et al. (eds.) 
A Handbook of Process Tracing Methods for Decision Research. Psychology Press: New York. 
 
Willemsen, M. C. & Johnson, E. J. (2018). MouselabWEB: Monitoring Information Acquisition 
Processes on the Web. Retrieved April 9, 2021, from http://www.mouselabweb.org. 
 
Williams, M. L., Dennis, A. R., Stam, A. & Aronson, J. E. (2007). The Impact of DSS Use and 
Information Load on Errors and Decision Quality, European Journal of Operational Research 176(1), 
pp. 468-481. DOI: 10.1016/j.ejor.2005.06.064. 
 
Yang, L., Toubia, O. & de Jong, M. G. (2015). A Bounded Rationality Model of Information Search 
and Choice in Preference Measurement, Journal of Marketing Research 52(2), pp. 166-183. DOI: 
10.1509/jmr.13.0288. 
 
Yang, L., Toubia, O. & de Jong, M. G. (2018). Attention, Information Processing, and Choice in 
Incentive-aligned Choice Experiments, Journal of Marketing Research 55(6), pp. 783-800. DOI: 
10.1177/0022243718817004. 
 
Zahedi, F. (1986). The Analytic Hierarchy Process – A Survey of the Method and its Applications, 
Interfaces 16(4), pp. 96-108. DOI: 10.1287/inte.16.4.96. 
 
Zavadskas, E. K. & Turskis, Z. (2011). Multiple Criteria Decision Making (MCDM) Methods in 
Economics: An Overview, Technological and Economic Development of Economy 17(2), pp. 397-427. 
DOI: 10.3846/20294913.2011.593291. 
 
Zavadskas, E. K., Turskis, Z. & Kildiene, S. (2014). State of the Art Surveys of Overviews on 
MCDM/MADM Methods, Technological and Economic Development of Economy 20(1), pp. 165-179. 
DOI: 10.3846/20294913.2014.892037. 
 
Zheng, J. & Lienert, J. (2018). Stakeholder Interviews with Two MAVT Preference Elicitation 
Philosophies in a Swiss Water Infrastructure Decision: Aggregation using SWING-weighting and 
Disaggregation using UTAGMS, European Journal of Operational Research 267 (1), pp. 273-287. DOI: 
10.1016/j.ejor.2017.11.018. 
 
Zimmermann, H. J. (2010). Fuzzy Set Theory, WIREs Computational Statistics 2(3), pp. 317-332. DOI: 
10.1002/wics.82. 
 
Zopounidis, C. & Doumpos, M. (2002). Multi-Criteria Decision Aid in Financial Decision Making: 
Methodologies and Literature Review, Journal of Multi-Criteria Decision Analysis 11, pp. 167-186. 
DOI: 10.1002/mcda.333.  
 
Zuschke, N. (2020). An Analysis of Process-tracing Research on Consumer Decision-making, Journal 
of Business Research 111, pp. 305-320. DOI: 10.1016/j.jbusres.2019.01.028.



 316 

APPENDICES 
 
 
 In this section, I provide supplementary material to support statements within the main 
body of the thesis. Contents are categorised according to the chapters/sections they refer to. 
 

APPENDIX FOR SECTION 8.1 
 
#1: Study 1 Qualtrics survey 
(Italicised text was added to help the reader, but not part of the original survey) 
 

Study 1: Ordinal Ranking (Condition 1: 1-2-3) 
 

 

Start of Block: Default Question Block 

 
Overview 
   
Thank you for agreeing to take part in this online experiment. It is part of a research project 
undertaken at Loughborough University. The project examines decision-making processes 
involving choices in several hypothetical decisions with multiple objectives. The findings of 
this research will be used to develop recommendations for decision making. 
   
 All personal information collected during this experiment will remain confidential and stored 
securely by the university. You have the right to opt-out of the study at any time without 
the need to give reasons, which will result in your data not being included in the study. Data 
will be anonymised prior to analysis and parts of the analysed data may be used in research 
publications. 
   
   
 Your task 
   
 In the following pages you will be asked to do:    

-provide some demographic information;    
-consider some hypothetical choices, each with five alternatives;   
-select your most preferred alternative;   
-provide information about your priorities.   

 
Please be aware that some questions and choices may appear similar. 
   
 Duration of the task 
  
 While there is no time limit, the experiment should take around 30 minutes to complete. 
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 Reward for the effort/time     
 
Time: If you complete all the questions and tasks you will receive £10 at the end of the 
experiment. 
 
Effort: The choices that you will make during the experiment will reveal what we call your 
personal ‘value system’. You will be rewarded for the consistency you show in relation to 
your personal value system. Every consistent answer in the main experiment gives £1. This 
money will be paid after the data analysis stage in around 3 months, so please leave 
a contact mail. Also, the top 3 performers will get an additional £10 at that time.   
 
 ***Please click the below box to give us your consent to use your data for the purpose 
of this research*** 

o I consent    

o I do not consent  
 
 

Page Break  

Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 317esearch... = I 
consent 

Q You will be asked for your name prior to each new choice problem. 
  
 Please use one name throughout this experiment. 

o Family Name  (1) ________________________________________________ 

o First Name  (2) ________________________________________________ 
 
 
Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 317esearch... = I 
consent 

Q Gender 

o Male  (1)  

o Female  (2)  

o Other  (3)  
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 318esearch... = I 
consent 

Q Age 

o under 19  (1)  

o 19-20  (2)  

o 21-22  (3)  

o 23-24  (4)  

o over 24  (5)  
 
 
Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 318esearch... = I 
consent 

Q Occupation 

o Undergraduate Student  (1)  

o Postgraduate Student  (2)  
 
 
Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 318esearch... = I 
consent 

Q Did you do A-level Maths or equivalent? 

o Yes  (1)  

o No  (2)  
 
 

Page Break  
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 319esearch... = I 
consent 

Q Please click on the link below to get to the first choice problem.  A new pop up window 
will open and you must complete the choice experiment on that window.    
   
CLICK HERE to open the 1st Choice problem  (Link to Mouselab page) 
    
***Please make sure that you do not close this survey window while you are completing 
the 1st Choice problem***.  

o Have you finished the 1st Choice problem? If yes, then please select this box and then 
click on the arrow below.  (1)  

 
 

Page Break  

Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 319esearch... = I 
consent 

Q  
 Information about priorities regarding the 1st choice problem     
Next, imagine you can achieve improvements on all three attributes by making a shift from 
the worst to the best performance level.     
    
                   Shift 1 : Fuel efficiency improves from 34 miles to 46 miles per gallon   
                   Shift 2 : Age of car improves from 34 months to 10 months   
                   Shift 3 : Price of car improves from £9,000 to £5,000   
 
Please indicate below the relative importance that you place on each of the proposed shifts 
above. Use the scale below (100 = most preferred shift) by clicking on each purple dot and 
dragging and dropping it on your selected score. 
 

 Relative importance  
 

low                                                                                      high 
  

 
 0 10 20 30 40 50 60 70 80 90 100 

 
 Fuel (miles per gallon): From 34 to 46 

miles  ()  
Age (months):  From 34 to 10 months () 

 
Price (£): From £9,000 to £5,000 () 

 
 
 

Page Break  

 

http://goetzgiering.com/Experiment0/mlweb_start.html
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 320esearch... = I 
consent 

Q Please click on the link below to get to the second choice problem.  A new pop up window 
will open and you must complete the choice experiment on that window.     
   
CLICK HERE to open the 2nd Choice problem  (Link to Mouselab page) 
    
***Please make sure that you do not close this survey window while you are completing 
the 2nd Choice problem***.   

o Have you finished the 2nd Choice problem? If yes, then please select this box and then 
click on the arrow below.  (1)  

 

Page Break  

Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 320esearch... = I 
consent 

Q 
 Information about priorities regarding the 2nd choice problem    
  
Next, imagine you can achieve improvements on all three attributes by making a shift from 
the worst to the best performance level.     
    
                   Shift 1 : Fuel efficiency improves from 33 miles to 45 miles per gallon   
                   Shift 2 : Age of car improves from 35 months to 11 months   
                   Shift 3 : Price of car improves from £9,100 to £5,100   
 
Please indicate below the relative importance that you place on each of the proposed shifts 
above. Use the scale below (100 = most preferred shift) by clicking on each purple dot and 
dragging and dropping it on your selected score. 
 

 Relative importance  
 

low                                                                               high 
 

 0 10 20 30 40 50 60 70 80 90 100 
 

Fuel (miles per gallon): From 33 to 45 
miles  ()  

Age (months):  From 35 to 11 months () 
 

Price (£): From £9,100 to £5,100 () 
 

 
 

Page Break  

 

http://goetzgiering.com/Experiment1/mlweb_start.html
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 321esearch... = I 
consent 

Q Please click on the link below to get to the third choice problem.  A new pop up window 
will open and you must complete the choice experiment on that window.    
   
CLICK HERE to open the 3rd Choice problem  (Link to Mouselab page) 
    
***Please make sure that you do not close this survey window while you are completing 
the 3rd Choice problem***.   

o Have you finished the 3rd Choice problem? If yes, then please select this box and then 
click on the arrow below.  (1)  

 
Page Break  

Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 321esearch... = I 
consent 

Q  
 Information about priorities regarding the 3rd choice problem    
  
Next, imagine you can achieve improvements on all three attributes by making a shift from 
the worst to the best performance level.     
    
                   Shift 1 : Fuel efficiency improves from 32 miles to 56 miles per gallon   
                   Shift 2 : Age of car improves from 54 months to 18 months   
                   Shift 3 : Price of car improves from £7,900 to £5,900   
 
Please indicate below the relative importance that you place on each of the proposed shifts 
above. Use the scale below (100 = most preferred shift) by clicking on each purple dot and 
dragging and dropping it on your selected score. 
 

 Relative importance  
 

low                                                                             high 
 

 0 10 20 30 40 50 60 70 80 90 100 
 

Fuel (miles per gallon): From 32 to 56 
miles  ()  

Age (months):  From 54 to 18 months () 
 

Price (£): From £7,900 to £5,900 () 
 

 
 
Page Break  

 

http://goetzgiering.com/Experiment2/mlweb_start.html
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 322esearch... = I 
consent 

Q Please click on the link below to get to the fourth choice problem.  A new pop up window 
will open and you must complete the choice experiment on that window.    
   
CLICK HERE to open the 4th Choice problem  (Link to Mouselab page) 
    
***Please make sure that you do not close this survey window while you are completing 
the 4th Choice problem***.   

o Have you finished the 4th Choice problem? If yes, then please select this box and then 
click on the arrow below.  (1)  

 

Page Break  

Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 322esearch... = I 
consent 

Q 
 Information about priorities regarding the 4th choice problem    
 
Next, imagine you can achieve improvements on all three attributes by making a shift from 
the worst to the best performance level.     
    
                   Shift 1 : Fuel efficiency improves from 31 miles to 55 miles per gallon   
                   Shift 2 : Age of car improves from 53 months to 17 months   
                   Shift 3 : Price of car improves from £8,000 to £6,000   
 
Please indicate below the relative importance that you place on each of the proposed shifts 
above. Use the scale below (100 = most preferred shift) by clicking on each purple dot and 
dragging and dropping it on your selected score. 
 

 Relative importance 
 

low                                                                            high 
 

 0 10 20 30 40 50 60 70 80 90 100 
 

Fuel (miles per gallon): From 31 to 55 
miles  ()  

Age (months):  From 53 to 17 months () 
 

Price (£): From £8,000 to £6,000 () 
 

 
 

Page Break  

 

http://goetzgiering.com/Experiment3/mlweb_start.html
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 323esearch... = I 
consent 

Q 
Please click on the link below.  A new pop up window will open with a video. Please watch 
the 4-minute video before returning here. 
     
[Click for video]  (Link to prescriptive video intervention) 
     
***Please make sure that you do not close this survey window***. 

o Have you watched the video? If yes, please select this box and click on the arrow 
below  (1)  
 

 
Page Break  

Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 323esearch... = I 
consent 

Q Please click on the link below to get to the fifth and last choice problem.  A new pop up 
window will open and you must complete the choice experiment on that window.    
   
CLICK HERE to open the 5th Choice problem (Link to Mouselab page) 
    
***Please make sure that you do not close this survey window while you are completing 
the 5th Choice problem***.   

o Have you finished the 5th Choice problem? If yes, then please select this box and then 
click on the arrow below.  (4)  

 
 
Page Break  
 
 
 
 
 
 
 
 
 
 
 

http://goetzgiering.com/Video/video.html
http://goetzgiering.com/Experiment4/mlweb_start.html
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 324esearch... = I 
consent 

Q 
 Information about priorities regarding the 5th choice problem    
 
Next, imagine you can achieve improvements on all three attributes by making a shift from 
the worst to the best performance level.     
    
                   Shift 1 : Fuel efficiency improves from 31 miles to 55 miles per gallon   
                   Shift 2 : Age of car improves from 53 months to 17 months   
                   Shift 3 : Price of car improves from £8,000 to £6,000   
 
Please indicate below the relative importance that you place on each of the proposed shifts 
above. Use the scale below (100 = most preferred shift) by clicking on each purple dot and 
dragging and dropping it on your selected score. 

 Relative importance 
 

low                                                                            high 
 

 0 10 20 30 40 50 60 70 80 90 100 
 

Fuel (miles per gallon): From 31 to 55 
miles  ()  

Age (months):  From 53 to 17 months () 
 

Price (£): From £8,000 to £6,000 () 
 

 
 
 
Page Break  
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 325esearch... = I 
consent 

Q Rating information for the ‘fuel efficiency’ attribute 
  
On a scale from 0 (31 miles per gallon) to 100 (55 miles per gallon), where 100 represents the 
top score, please indicate how well do you rate the following performance levels for the 
attribute “fuel consumption in miles per gallon”? 

 0 10 20 30 40 50 60 70 80 90 100 
 

31 miles per gallon () 
 

33 miles per gallon () 
 

34 miles per gallon () 
 

35 miles per gallon () 
 

36 miles per gallon () 
 

37 miles per gallon () 
 

40 miles per gallon () 
 

42 miles per gallon () 
 

43 miles per gallon () 
 

45 miles per gallon () 
 

46 miles per gallon () 
 

49 miles per gallon () 
 

55 miles per gallon () 
 

 
 
 
Page Break  
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 326esearch... = I 
consent 

Q Rating information for the ‘age’ attribute 
  
On a scale from 0 (53 months) to 100 (10 months), where 100 represents the top score, please 
indicate how well do you rate the following performance levels for the attribute “age in 
months”?  

 0 10 20 30 40 50 60 70 80 90 100 
 

53 months () 
 

49 months () 
 

45 months () 
 

44 months () 
 

35 months () 
 

34 months () 
 

32 months () 
 

30 months () 
 

28 months () 
 

26 months () 
 

24 months () 
 

22 months () 
 

17 months () 
 

16 months () 
 

10 months () 
 

 
 
 
Page Break  
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 327esearch... = I 
consent 

Q Rating information for the ‘price’ attribute 
  
On a scale from 0 (£9,000) to 100 (£5,000), where 100 represents the top score, please 
indicate how well do you rate the following performance levels for the attribute “price in 
British pounds”? 

 0 10 20 30 40 50 60 70 80 90 100 
 

£9,000 () 
 

£8,000 () 
 

£7,500 () 
 

£7,200 () 
 

£7,000 () 
 

£6,900 () 
 

£6,500 () 
 

£6,000 () 
 

£5,000 () 
 

 
 
Page Break  

Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 327esearch... = I 
consent 

Q How clear were the instructions of the experiment? 
  
 Please indicate on the Likert scale below. 

o Absolutely unclear 1   (1)  

o 2   (4)  

o 3   (5)  

o  4   (6)  

o Absolutely clear 5   (7)  
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 328esearch... = I 
consent 

Q How confident are you about the choices you made? 
  
 Please indicate on the Likert scale below. 

o Not confident at all 1   (1)  

o 2   (2)  

o 3   (3)  

o 4   (4)  

o Extremely confident 5   (5)  
 
Page Break  

 
Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 328esearch... = I 
consent 

Q You are at the end of the experiment! Please remain silent until everybody is finished. 
  
 After that, you can collect your £10 voucher. 
  
 Please provide a valid e-mail address if you want to be considered for the additional prices. 
  
 (This information will be used for the sole purpose of contacting you if you have won 
additional money. Note that analysis might take around 3 months, thus the address should be 
valid until next year.)  
  
 Thank you for your participation in this experiment! 
  ______________________________________________________________ 
 
End of Block: Default Question Block 
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#2: Study 2 Qualtrics survey 
(Italicised text was added to help the reader, but not part of the original survey) 
 

Study 2: Emphasising Cells (Condition 1: Car-Flat) 
 

Start of Block: Default Question Block 

 
Overview 
   
Thank you for agreeing to take part in this online experiment. It is part of a research project 
undertaken at Loughborough University. The project examines decision-making processes involving 
choices in several hypothetical decisions with multiple objectives. The findings of this research will be 
used to develop recommendations for decision making. 
   
All personal information collected during this experiment will remain confidential and stored securely 
by the university. You have the right to opt-out of the study at any time without the need to give 
reasons, which will result in your data not being included in the study. Data will be 
329esearch329d prior to analysis and parts of the analysed data may be used in research publications. 
   
 Your task 
   
In the following pages you will be asked to do:   

-provide some demographic information;    

-consider some hypothetical choices, each with five alternatives;   

-select your most preferred alternative;   

-provide information about your priorities.    

 
 Duration of the task 
  
 While there is no time limit, the experiment should take around 25 minutes to complete. 
  
  
 Reward for the effort/time     

Time: If you complete all the questions and tasks you will receive £10 at the end of the experiment. 
  

Effort: The choices that you will make during the experiment will reveal what we call your personal 
‘value system’. You will be rewarded for the consistency you show in relation to your personal value 
system. The top 10% performing students will get an additional £15 after data analysis has been 
finished.   

 
 ***Please click the below box to give us your consent to use your data for the purpose of this 
research*** 

o I consent  (4)  

o I do not consent  (7)  
 
Page Break  
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 330esearch... = I 
consent 

Q You will be asked for your name prior to each new choice problem. 
  
 Please use one name throughout this experiment. 

o Family Name  (1) ________________________________________________ 

o First Name  (2) ________________________________________________ 
 

 
Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 330esearch... = I 
consent 

Q Gender 

o Male  (1)  

o Female  (2)  

o Other  (3)  
 

 
Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 330esearch... = I 
consent 

Q13 Age 

o under 19  (1)  

o 19-20  (6)  

o 21-22  (2)  

o 23-24  (3)  

o over 24  (4)  
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 331esearch... = I 
consent 

Q17 Occupation 

o Undergraduate Student  (1)  

o Postgraduate Student  (2)  
 
 
Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 331esearch... = I 
consent 

Q20 Did you do A-level Maths or equivalent? 

o Yes  (1)  

o No  (2)  
 
 
Page Break  

 
Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 331esearch... = I 
consent 

Q29 Please click on the link below to get to the Car Choice Problem.  A new pop up 
window will open and you must complete the choice experiment on that window.    
   
CLICK HERE to open the Car Choice Problem  (Link to Mouselab page) 
    
***Please make sure that you do not close this survey window while you are completing 
the Car Choice Problem***.  

o Have you finished the 1st Choice problem? If yes, then please select this box and then 
click on the arrow below.  (1)  

 
 

Page Break  

 
 
 
 
 

http://goetzgiering.com/Study0/mlweb_start.html
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 332esearch... = I 
consent 

Q Information about priorities regarding the Car Choice Problem 
    
Next, imagine you can achieve improvements on all three attributes by making a shift from 
the worst to the best performance level.     
    
                   Shift 1 : Fuel efficiency improves from 32 miles to 55 miles per gallon   
                   Shift 2 : Age of car improves from 72 months to 26 months   
                   Shift 3 : Price of car improves from £6,100 to £4,700   
 
Please indicate below the relative importance that you place on each of the proposed shifts 
above. Use the scale below (100 = most preferred shift) by clicking on each purple dot and 
dragging and dropping it on your selected score. 
   

 Relative importance 
 

low                                                                           high 
 

 0 10 20 30 40 50 60 70 80 90 100 
 

Fuel (miles per gallon): From 32 to 55 
miles  ()  

Age (months):  From 72 to 26 months () 
 

Price (£): From £6,100 to £4,700 () 
 

 
 
 
Page Break  
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 333esearch... = I 
consent 

Q Rating information for the ‘fuel efficiency’ attribute 
  
On a scale from 0 (32 miles per gallon) to 100 (55 miles per gallon), where 100 represents the 
top score, please indicate how well do you rate the following performance levels for the 
attribute “fuel consumption in miles per gallon”? 
 

 0 10 20 30 40 50 60 70 80 90 100 
 

32 miles per gallon () 
 

34 miles per gallon () 
 

38 miles per gallon () 
 

41 miles per gallon () 
 

46 miles per gallon () 
 

52 miles per gallon () 
 

55 miles per gallon () 
 

 
 
Page Break  

Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 333esearch... = I 
consent 

Q Rating information for the ‘age’ attribute 
  
On a scale from 0 (72 months) to 100 (26 months), where 100 represents the top score, please 
indicate how well do you rate the following performance levels for the attribute “age in 
months”?  

 0 10 20 30 40 50 60 70 80 90 100 
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72 months () 
 

61 months () 
 

53 months () 
 

41 months () 
 

38 months () 
 

31 months () 
 

26 months () 
 

 
 
Page Break  
 
Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 334esearch... = I 
consent 

Q Rating information for the ‘price’ attribute 
  
On a scale from 0 (£6,100) to 100 (£4,700), where 100 represents the top score, please 
indicate how well do you rate the following performance levels for the attribute “price in 
British pounds”? 
 

 0 10 20 30 40 50 60 70 80 90 100 
 

£6,100 () 
 

£6,000 () 
 

£5,600 () 
 

£5,500 () 
 

£5,300 () 
 

£5,000 () 
 

£4,700 () 
 

 
 
 
Page Break  
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 335esearch... = I 
consent 

Q 
Please click on the link below.  A new pop up window will open with a video. Please watch 
the 4-minute video before returning here. 
     
[Click for video]  (Link to prescriptive video intervention) 
     
***Please make sure that you do not close this survey window***. 

o Have you watched the video? If yes, please select this box and click on the arrow 
below  (1)  

 
 
Page Break  

 
Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 335esearch... = I 
consent 

Q Please click on the link below to get to the Flat Choice Problem.  A new pop up window 
will open and you must complete the choice experiment on that window.    
   
CLICK HERE to open the Flat Choice Problem  (Link to Mouselab page) 
    
***Please make sure that you do not close this survey window while you are completing 
the Flat Choice Problem***.  

o Have you finished the 2nd Choice problem? If yes, then please select this box and then 
click on the arrow below.  (1)  

 
 

Page Break  

 
 
 
 
 
 
 
 
 
 
 

http://goetzgiering.com/Video/video.html
http://goetzgiering.com/Study1/mlweb_start.html
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 336esearch... = I 
consent 

Q 
Information about priorities regarding the Flat Choice Problem   
   
Next, imagine you can achieve improvements on all three attributes by making a shift from 
the worst to the best performance level.     
    
                   Shift 1 : Rent improves from £980 to £735   
                   Shift 2 : Size of flat improves from 580 square feet to 695 square feet   
                   Shift 3 : Commuting time improves from 69 minutes to 19 minutes   
 
Please indicate below the relative importance that you place on each of the proposed shifts 
above. Use the scale below (100 = most preferred shift) by clicking on each purple dot and 
dragging and dropping it on your selected score. 
 

 Relative importance 
  

low                                                                              high 
 

 0 10 20 30 40 50 60 70 80 90 100 
 

Rent (£): From £980 to £735 () 
 

Size (square feet):  From 580 to 695 square 
feet ()  

Commuting time (minutes): From 69 to 19 
minutes ()  

 
 
 
Page Break  
 
Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 336esearch... = I 
consent 

Q Rating information for the ‘rent’ attribute 
  
On a scale from 0 (£980) to 100 (£735), where 100 represents the top score, please 
indicate how well do you rate the following performance levels for the attribute “rent in 
British pounds”? 

 0 10 20 30 40 50 60 70 80 90 100 
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£980 () 
 

£935 () 
 

£905 () 
 

£830 () 
 

£810 () 
 

£770 () 
 

£735 () 
 

 
 
Page Break  

 

Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 337esearch... = I 
consent 

Q Rating information for the ‘size’ attribute 
  
On a scale from 0 (580 sf) to 100 (695 sf), where 100 represents the top score, please indicate 
how well do you rate the following performance levels for the attribute “size in square feet”?  

 0 10 20 30 40 50 60 70 80 90 100 
 

580 sf () 
 

595 sf () 
 

615 sf () 
 

645 sf () 
 

655 sf () 
 

670 sf () 
 

695 sf () 
 

 
 
 
Page Break  
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 338esearch... = I 
consent 

Q Rating information for the ‘commuting time’ attribute 
  
On a scale from 0 (69 min) to 100 (19 min), where 100 represents the top score, please 
indicate how well do you rate the following performance levels for the attribute “commuting 
time in minutes”?  

 0 10 20 30 40 50 60 70 80 90 100 
 

69 min () 
 

58 min () 
 

51 min () 
 

42 min () 
 

36 min () 
 

27 min () 
 

19 min () 
 

 
 
 
Page Break  
 
Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 338esearch... = I 
consent 

Q How clear were the instructions of the experiment? 
  
 Please indicate on the Likert scale below. 

o Absolutely unclear 1   (1)  

o 2  (2)  

o 3  (3)  

o 4  (4)  

o Absolutely clear 5   (5)  
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Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 339esearch... = I 
consent 

Q How confident are you about the choices you made? 
  
 Please indicate on the Likert scale below. 

o Not confident at all 1   (1)  

o 2  (2)  

o 3  (3)  

o 4  (4)  

o Extremely confident 5   (5)  
 

 
Page Break  

Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 339esearch... = I 
consent 

Q You are at the end of the experiment! Please remain silent until everybody has finished. 
  
 After that, you can collect your £10 voucher. 
  
Please provide a valid e-mail address below if you want to be considered for the additional 
prices. 
  
 (This information will be used for the sole purpose of contacting you if you have won 
additional money. Note that analysis might take around 3 months, thus the address should be 
valid until next year.)  
  
 Thank you for your participation in this experiment! 
 
 
Display This Question: 

If Overview   Thank you for agreeing to take part in this online experiment. It is part of a 339esearch... = I 
do not consent 

Q You finished the experiment! 
  
 Thank you for your participation in this research project! 
 
End of Block: Default Question Block 
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APPENDIX FOR SECTION 8.2 
 
#1: Exemplary Study 1 Mouselab pages  
 
Choice 1 without hovering 

 
 
Choice 1 with hovering  
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#2: Exemplary Study 2 Mouselab pages  
 
FLAT without hovering 

 
 
FLAT with hovering 

 
 
FLAT with ‘clicking feature’ (shows error message at clicking limit) 

 
 



 342 

#3: ‘Preferential Independence’ property  
 

To confirm the appropriate use of the additive value function for aggregation of 
marginal value scores, the preferential independence property can be tested the following way 
according to Montibeller et al (2020): 

 
“For two attributes x1 and x2 with four attribute levels x1’’ > x1’ (with x1’’, x1’ ∈ [x1 

∗,x1 0]) and x2’’ > x2’ (with x2’’, x2’ ∈ [x2 ∗, x2 0]). The attribute x1 is independent of attribute 
x2 if V[x1’’, x2’’] − V[x1’, x2’’] = V[x1’’, x2’] − V[x1’, x2’] ∀x1’’, x1’, x2’’, and x2’ ”(ibid., 
p.92). 
 
 As previously, V[*] describes the associated value of the DM with the object *. The 
above test for preferential independence is not symmetrical, so it would have to be repeated for 
attribute x2 against x1 as well (ibid.). The necessary condition for preferential independence 
can further be illustrated as shown by von Winterfeldt & Edwards (1986, p.328; adapted from 
Montibeller et al., 2020, p.92). 
 
 

 
 

Von Winterfeldt & Edwards note that (1986, p.327) “behaviorally, additive difference 
independence means that the strength of preference in a single attribute is unaffected by other 
constant attributes. In particular, the shape of the value function in a single attribute would be 
unaffected when constructed at different levels of the other attributes, and the weight attached 
to the value function would remain constant.” I provided an example where preferential 
independence does not hold in Section 4.2.1 in Footnote 2. 
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APPENDIX FOR SECTION 8.3 
 
#1: Adjustments to Mouselab JavaScript code 

 
function OpenCont(fieldname, objEvent) 
{ 

console.log(“open box content”, fieldname); 
// counting function for clicking cells     
    open_counter++; 
 dom_id = fieldname + “_cont”; 
// error message when the 7th cell is clicked  

                        if (open_counter > 6) { 
  alert(‘You cannot open more than 6 cells by clicking!’); 
  return; 
 } 
// add highlighted cells to class ‘opened’ 

document.getElementById(dom_id).classList.add(‘opened’); 
 

function HideCont(fieldname,objEvent) 
{ 

console.log(“hide content”, fieldname); 
 if (!loaded) {return;} // do not open boxes when page is loading 
 if (!boxOpen) {return;} // do not close boxes that are not open 
 window.clearTimeout(delay); 
 var row = abc_num(fieldname); 
 var col = parseInt(fieldname.substr(1)); 
// check if open cell should be recorded 
 if ((statecont[RowOut[row]][ColOut[col]]==”0”) & !(recOpenCells)) {return;} 
 boxOpen = false; // set tag to show that box is closed again 
 thisElem = new objElem; 
 thisElem.name = tagcont[RowOut[row]][ColOut[col]]; 
// save procesdata only if cell is not in class ‘opened’ yet 
 if (!document.getElementById(fieldname+”_cont”).classList.contains(‘opened’)) { 
  RecordEventData(thisElem, objEvent); 
 } 

 
Lines starting with ‘//’ indicate comments that describe the functionality of the 

corresponding code segment. As Martijn Willemsen told me, the initial problem is that you 
need to disable cells from opening and closing again on further hovers. Otherwise, if you hover 
a cell the code creates a ‘mouseover’ event, and as you move out of the cell a ‘mouseout’ event 
to close the cell again. Even if you had clicked on the cell in the process (which creates an 
‘onclick’ event) the cell would still close, and Mouselab would drop the ‘onclick’ statement. 
Thus, without the code adjustment, the matrix behaves as if clicks were not considered at all. 
In the edited code, highlighted cells are added to the class ’opened’. The size of that class is 
limited to six cells; otherwise an error message appears on the screen. When JavaScript 
considers hiding cell content again, it executes a series of checks. One of them is to only record 
process data (the ‘mouseout’ event in this case) if the cell is not part of the ‘opened’ class. Thus, 
from the code I can distinguish clicked from hovered cells from the type of event that is saved 
in the process data. Hovered cells assign ‘mouseout’ as event, while clicked cells show 
‘mouseover’ or ‘onclick’ statements. The moment I firstly identify a ‘mouseover’ or ‘onclick’ 
event for a specific cell relates to when it was highlighted. Every successive hovering into an 
already opened cell will create a new data point with a ‘mouseover’ or ‘onclick’ event.  
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APPENDIX FOR SECTION 8.4 
 
#1: Transcription of prescriptive intervention video 
 
For transcription purposes I utilise the following symbols used in Franco & Greiffenhagen 
(2018, p.682): 

- underlined items [“item”] are hearably stressed 
- numbers in parentheses [e.g., “(0.3)”] denote a silence in tenth of seconds 

 
START OF VIDEO 
 
[Introduction]  
(shows Smartphone Choice 1) 

Here, we deal with a multi-attribute choice scenario, where we want to select the most 
preferred smartphone. 

(2.0) 
The three options differ in the following two attributes: 

(.) 
In price, measured in pounds and camera resolution, which is measured in megapixels. 

(1.0) 
Think about if the price OR camera quality has a higher relative importance for your 
choice? 

(3.0) 
Many people have no problem to answer this question straightforward. So, if you think 
that price is always the most important attribute, you are likely to dismiss Smartphone 
1 and 2, and select Smartphone 3 cause it is the cheapest.  

(3.0) 
Other people may have a general preference for camera quality. Those people would 
select Option 1 due to its higher resolution. 

(.) 
The question I want to discuss in this video is weather we should trust general 
tendencies towards attributes without considering the local context of the choice 
problem. 

(3.0) 
(shows Smartphone Choice 2) 

Consider now this second example. The task is still the same but the performance 
levels for price have changed. 

(.) 
Now Smartphone 3 costs 800 rather than 100 pounds, the price of Smartphone 2 has 
also risen from 400 to 900 pounds. 

(.) 
Think about if the price and camera attribute have still the same relative importance 
for you now as compared to the previous example? 

(3.0) 
Obviously not! 

(1.0) 
The price range from the most expensive to the cheapest option is now significantly 
smaller. Only 200 pounds, rather than the previous 900 pounds in Example 1. Thus, 
the difference in camera quality should become more important for your decision 
because the difference in price is less pronounced than before. 

(4.0) 
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Now you should understand that the relative importance of an attribute for your choice 
should depend on the attribute ranges. The local context of a choice matters! 

(4.0) 
(shows Value Trade-off Example) 

Let us next consider value trade-offs. A trade-off involves giving up something on one 
attribute in order to get a better performance on a different attribute. 

(1.0) 
You should think about value trade-offs when comparing your choice options with 
each other. 

(.) 
For example, if previously you cared most about the price of the smartphone, would 
you still prefer Smartphone 3 for 800 pounds even though paying only 200 pounds 
more will give you a phone with a significantly better resolution? 

(4.0) 
If you still choose Smartphone 3 this implies that you are not willing to trade-off an 
increase from 2 to 16 megapixels in camera resolution for a 200 pounds increase in 
cost. Because you value 200 pounds in saved cost more than the increase in resolution 
of 14 megapixels. 

(2.0) 
If you engage in a value trade-off or not depends on your own subjective preferences.  

(2.0) 
Being consistent with your preferences is exactly what will make your choice good. 

(2.0) 
(shows Key Step Summary) 

In order to conclude, I summarise the key steps of how to make a choice that is 
consistent with your preferences. 

(1.0) 
Step1: Think about how important each of the involved attributes is to your choice! 

(.) 
You should consider the attribute ranges. On which attribute would you prefer the 
most to shift from the worst performance level to the best performance level? 

(.) 
Which attributes ranks second? Which attribute ranks third? And so on. To what 
extent do you prefer one attribute over the other? 

(2.0) 
Step2: Think about the value trade-offs that are required! 

(.) 
How much are you willing to give up on one attribute in order to gain more on other 
attributes? For instance, how much money are you willing to pay to increase the 
resolution of your current smartphone camera by 5 megapixels? 

(3.0) 
Now that you understand how critical it is to consider attribute ranges and value trade-
offs for your choice, you can apply this framework for your own choices!  

(.) 
Start by using it for the next choice problem of this experiment! 

(3.0) 
(shows Thank You Note) 
[Conclusion] 
 
 END OF VIDEO 
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APPENDIX FOR SECTION 10.1.1 
 
#1: Study 1 Mouselab practice example 1 
 
Practice example 1 without hovering 
 

 
 
Practice example 1 with hovering 
 

 
 
Practice example 1 matrix 
 

Empty Jackpot! Empty 
Choose Cell 1 Choose Cell 2 Choose Cell 3 
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#2: Study 1 Mouselab practice example 2 
 
Practice example 2 without hovering 
 

 
 
Practice example 2 with hovering 
 

 
 
Practice example 2 matrix 
 
(Alternatives) Menu 1 Menu 2 Menu 3 

Starter Tomato Soup Cesar’s Salad Chicken Wings 
Main Steak Pie Veggie Lasagna Fish & Chips 

Dessert Tiramisu Fruits Chocolate Cake 
(‘Selection Buttons’) Select Menu 1 Select Menu 2 Select Menu 3 
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APPENDIX FOR SECTION 10.1.2 
 
#1: Study 2 Mouselab practice example 3 
 
Practice example 3 without hovering 
 

 
 
Practice example 3 matrix 
 

G 1 G I G I 
I G G G G G 
G I 1 I 6 I 
G 6 G I I 1 
 4 Cells 5 Cells 6 Cells  
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APPENDIX FOR SECTION 10.2.1 
 
#1:  Exemplary recruitment poster 
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APPENDIX FOR SECTION 10.2.2 
 
#1: Procedural description of a data-collection session 
 
Study   

- Welcome to experiment 
- Sign attendance list 
- Raise hands as soon as questions arise, or experiment is finished 
- Point out to keep one name throughout the experiment 
- Provide link to warm-up  

 
Warmup Survey  

(password) 

https://lborobusiness.eu.qualtrics.com (link to warmup) 

- Discuss any open questions about experimental procedure 
- Everybody understands how to reveal information during the warmup 
- Everybody understands how to switch between mouse-tracking and survey parts 
- Everybody understands how to use ‘clicking feature’ (if applicable) 
- Again, raise hands if questions arise, or experiment is finished 
- Provide links to the different conditions 
- Explain reimbursement scheme again (£10 save, up to £15 performance-based) 

 
Main Survey  

(password) 

https://lborobusiness.eu.qualtrics.com/(links to experiments)  

- Confirm in databases that responses were sent once people finish 
- Let participants collect vouchers, return earphones, and sign information off 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://lborobusiness.eu.qualtrics.com/jfe/form/SV_0iUxY5nn1aJlBzv
https://lborobusiness.eu.qualtrics.com/(links%20to%20experiments)
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APPENDIX FOR SECTION 10.3.2 
 
#1: Example of ‘chaotic selection’ in Mouselab 
 
Excerpt from Mouselab process data of subject #66 in CP1 
 

 
 
 On the top of the above screenshot, one can identify what each column represents. For 
the detection of a ‘chaotic selection’, please focus particularly on ‘event’, ‘boxname’ and 
‘boxin’/’boxtime’ columns. To indicate the choice, an ‘onclick’ statement (‘event’ column) on 
a ‘selection button’ is required (‘selection buttons’ can be identified in the ‘boxname’ column). 
For instance, the top row of process data shows a click on ‘Op2’, which describes the selection 
of Alternative 2. Note that the data, which is visible on the above screenshot is preceded by 
additional multiple selections for Alternative 2 (‘Op2’) by the respondent. Based on the 
‘boxin’/’boxtime’ columns one can imply that the last clicks on Alternative 2 were all 
undertaken without respite. Then, a noticeable break occurs in the actions of the participant. 
Subsequently, the participant starts considering performance-level information again for 
roughly five seconds. At that point, that person shifts towards Alternative 5, by clicking on 
‘Op5’ numerous times. Again, it is obvious from the data that these selections happened without 
respite. Another break occurs. In the end, the participant is alternatively selecting between ‘Op2’ 
and ‘Op5’ until eventually finishing the Mouselab page with Alternative 5 (‘choice’ column). 
I interpret the above data the following way: I believe the participant wanted to end the 
Mouselab page already initially with the selection of Alternative 2. But because the ‘selection 
button’ did not change colour the person became confused. The participant started to acquire 
information again that probably would not have been considered otherwise. Then, the person 
wanted to select Alternative 5. Again, the ‘selection button’ did not change colour. Eventually 
the person figured out that the Mouselab page could be concluded despite the ‘colour change’ 
bug. However, the final intent of the participant is highly ambiguous. It is not clear if that person 
preferred Alternative 2 or 5. Therefore, I argue the only correct decision is to eliminate this and 
other similar datapoints from analysis. 
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#2: Example of TRANSITION and EVC variables ‘IF’ function in Excel  
 
Excerpt from Mouselab process data of subject #1 in CP1 
 

 
 
 Before stating the ‘IF’ functions for transition and EVC variables, I briefly explain what 
is pictured on the above screenshot. The top row displays the columns. Relevant for this 
discussion are the transition (‘tr_alternative’, ‘tr_attribute’, and ‘tr_mixed’) and EVC 
(‘EVC_count’, ‘EVC_MAX’, and ‘EVC_MIN’) columns. Further, the ‘IF’ function is based 
on the letter and number components of the ‘boxname’ column (BL & BM). Then, the 
screenshot also shows ‘maxcount’ and ‘adjusted_maxcount’ columns. This distinction was 
relevant for cases where process events had to be manually edited during the data-processing 
procedure. In the case of subject #1 in CP1 the number of process events decreased from 34 to 
19. Thus, in this example the ‘EVC_%’ variable had to be calculated relative to the 
‘adjusted_maxcount’, rather than the original one. The rows I added in the middle and at the 
end of each participant’s choice process were used to sum up values and calculate 
PAYNE/PATTERN and EVC variables. The input for that computation was provided by the 
‘IF’ functions. 

TRANSITIONS: I defined that transitions of each participant always occurred from 
the second process event onwards. Therefore, the first row always wrote ’0’ for transition 
columns. Also, the first row after the ‘HALF break’ always had to be entered manually to keep 
the count correct. Next, I state the ‘IF’ function for every transition column, which was 
subsequently copied until the end of the choice process (with the mentioned exceptions 
considered). All stated ‘IF’ functions refer to the second top row of the screenshot, which was 
row 70 of the file. 
Tr_alternative: =IF(BK69=BK70;0;IF(BM69=BM70;1;0))  
Tr_attribute:  =IF(BK69=BK70;0;IF(BL69=BL70;1;0)) 
Tr_mixed:  =IF(AND(BL69<>BL70;BM69<>BM70);1;0) 

 
EVC: For extreme value consideration, the implementation of ‘IF’ functions was even 

easier. There was no need to treat the first rows at the start, or after the first half of the choice 
process, any different than the remaining rows because I merely checked if any particular 
process row referred to an extreme value or not. Thus, the ‘IF’ functions were as follows: 

=IF(BK70="b3";1;IF(BK70="c2";1;IF(BK70="d1";1;IF(BK70="b5";1;
IF(BK70="c1";1;IF(BK70="d2";1;0))))) 

EVC_MAX:  =IF(BK70="b3";1;IF(BK70="c2";1;IF(BK70="d1";1;0))) 
EVC_MIN:  =IF(BK70="b5";1;IF(BK70="c1";1;IF(BK70="d2";1;0))) 

EVC_count: 
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APPENDIX FOR SECTION 10.3.4 
 
#1: Example of CLICKS variables ‘IF’ function in Excel 
 
Excerpt from Mouselab process data of subject #49 in CAR 
 

 

 
 
 Both screenshot above refer to the same participant. This is the choice process of #49 in 
the CAR problem. The top screenshot shows the identification of three ‘clicking feature’ events 
as was explained in APPENDIX to Section 8.3. Basically, the ’event’ column for the marked 
rows indicates ‘mouseover’ events for the first time for the three associated cells, which implies 
the utilisation of the ‘clicking feature’. Also, from the corresponding entry in the ‘boxtime’ 
column, we find that time measurements have been altered by the Javascript code adjustment. 
The participant did not hover the ‘b5’ cell for 18 seconds but only one second (compare ‘boxin’ 
times for rows 1584 and 1585).  

CLICKS: Next, I discuss the coding for the CLICKS variables based on the bottom 
screenshot, which displays a different set of columns. Relevant are the ‘Click_fq’, 
‘Click_MAX’, and ‘Click_MIN’ columns specifically. The entries in ‘Click_fq’ were coded 
manually. I wrote ‘1’ if that process event row described a ‘clicking feature’ event, and ‘0’ 
otherwise. For ‘Click_MAX’ and ‘Click_MIN’ I implemented ‘IF’ functions to further test if 
that row referred to an extreme value, and if so, what type of extreme value (maximum or 
minimum). Below, I state the ‘IF’ functions used for both columns based on row 1570. 
Click_MAX: 
=IF(AND(BT1570="b3";BU1570=1);1;IF(AND(BT1570="c2";BU1570=1);1;IF(AND(BT15
70="d5";BU1570=1);1;0))) 
Click_MIN: 
=IF(AND(BT1570="b5";BU1570=1);1;IF(AND(BT1570="c1";BU1570=1);1;IF(AND(BT15
70="d2";BU1570=1);1;0))) 
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APPENDIX FOR SECTION 10.5.1 
 
#1: Identification values for CP1 
 
Green cells satisfied WADD thresholds. Orange cells failed to meet WADD thresholds. 
 

ID Time ACQ HOLISTIC PATTERN SD_F_ALT SD_F_ATT SD_T_ALT SD_T_ATT STRAT 
1 88480 19 0.67 -0.875 0.058 0.294 0.084 0.296 HEURISTIC 
2 79167 44 1.00 -0.722 0.054 0.186 0.109 0.195 HEURISTIC 
3 114656 38 1.00 -0.714 0.069 0.048 0.118 0.094 HEURISTIC 
4         X 
5 85933 82 1.00 0.183 0.128 0.080 0.136 0.139 WADD 
6 169590 160 1.00 -0.092 0.052 0.131 0.085 0.082 WADD 
7 112168 81 0.93 -0.233 0.139 0.068 0.205 0.091 HEURISTIC 
8 141676 51 1.00 0.070 0.049 0.058 0.077 0.097 WADD 
9 87739 50 1.00 -0.261 0.081 0.055 0.116 0.055 HEURISTIC 

10 71260 43 0.87 0.379 0.117 0.068 0.092 0.118 WADD 
11 156842 46 0.93 0.050 0.130 0.086 0.129 0.089 WADD 
12 66872 33 1.00 -0.467 0.082 0.090 0.079 0.103 HEURISTIC 
13 50390 28 1.00 -0.615 0.093 0.059 0.149 0.052 HEURISTIC 
14 48102 23 0.93 0.867 0.090 0.048 0.099 0.082 WADD 
15 78796 39 1.00 0.152 0.042 0.028 0.017 0.063 WADD 
16 78556 70 0.93 0.419 0.155 0.066 0.154 0.058 HEURISTIC 
17         X 
18 125531 53 1.00 -0.674 0.083 0.232 0.093 0.126 HEURISTIC 
19 46072 41 1.00 -0.600 0.108 0.040 0.171 0.079 HEURISTIC 
20 100147 41 1.00 -0.294 0.126 0.040 0.049 0.097 HEURISTIC 
21 73549 30 1.00 -0.091 0.113 0.072 0.128 0.104 WADD 
22 85693 42 0.73 -0.077 0.103 0.245 0.084 0.328 HEURISTIC 
23 74909 38 1.00 0.143 0.113 0.016 0.146 0.077 WADD 
24         X 
25 92670 72 1.00 -0.323 0.083 0.058 0.133 0.076 HEURISTIC 
26 78212 48 1.00 -0.429 0.129 0.025 0.145 0.091 HEURISTIC 
27 62670 36 0.87 0.571 0.209 0.017 0.255 0.036 HEURISTIC 
28 74506 31 1.00 -0.538 0.095 0.033 0.106 0.091 HEURISTIC 
29 127132 32 0.73 0.103 0.208 0.232 0.270 0.405 HEURISTIC 
30 61558 56 1.00 0.070 0.066 0.000 0.099 0.063 WADD 
31 18532 25 0.80 0.217 0.174 0.110 0.158 0.192 HEURISTIC 
32 46884 33 0.87 0.040 0.070 0.153 0.083 0.133 HEURISTIC 
33 27869 19 0.47 0.867 0.332 0.036 0.209 0.166 HEURISTIC 
34 34433 16 0.40 0.833 0.346 0.118 0.335 0.117 HEURISTIC 
35 75887 42 0.67 -0.152 0.207 0.240 0.285 0.317 HEURISTIC 
36 27181 48 1.00 -0.220 0.052 0.088 0.059 0.073 WADD 
37 34384 38 0.93 -0.097 0.144 0.119 0.172 0.138 HEURISTIC 
38 33997 5 0.20 1.000 0.447 0.144 0.447 0.203 HEURISTIC 
39 22466 15 0.53 -0.455 0.156 0.320 0.248 0.282 HEURISTIC 
40 20635 23 0.80 0.000 0.208 0.126 0.174 0.034 HEURISTIC 
41 71973 16 0.20 1.000 0.447 0.083 0.447 0.132 HEURISTIC 
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42 28968 13 0.47 0.200 0.281 0.167 0.341 0.178 HEURISTIC 
43 85340 55 0.73 0.130 0.145 0.125 0.176 0.181 HEURISTIC 
44 31884 13 0.67 0.800 0.160 0.052 0.205 0.107 HEURISTIC 
45 98618 86 1.00 -0.392 0.104 0.152 0.138 0.215 HEURISTIC 
46 26883 24 0.80 -0.300 0.130 0.229 0.171 0.269 HEURISTIC 
47 38227 31 1.00 -0.333 0.070 0.021 0.049 0.077 HEURISTIC 
48 33739 25 0.87 -0.500 0.063 0.220 0.112 0.168 HEURISTIC 
49 47192 47 0.87 0.073 0.108 0.259 0.123 0.301 HEURISTIC 
50 17478 9 0.20 1.000 0.277 0.297 0.400 0.387 HEURISTIC 
51 30338 22 0.53 0.667 0.324 0.082 0.274 0.117 HEURISTIC 
52 21443 13 0.60 0.200 0.177 0.144 0.133 0.103 HEURISTIC 
53 35744 41 1.00 -0.257 0.101 0.052 0.109 0.061 HEURISTIC 
54 40991 40 0.80 0.243 0.127 0.268 0.122 0.196 HEURISTIC 
55 128141 30 0.80 0.200 0.135 0.041 0.345 0.159 HEURISTIC 
56 27152 23 0.73 0.059 0.191 0.126 0.257 0.205 HEURISTIC 
57 12380 2 0.00 #DIV/0! 0.447   0.447   HEURISTIC 
58 75735 80 1.00 -0.433 0.111 0.013 0.092 0.044 HEURISTIC 
59 64929 61 1.00 0.042 0.135 0.053 0.124 0.012 WADD 
60 32638 11 0.53 0.600 0.197 0.153 0.197 0.118 HEURISTIC 
61 30341 22 0.47 0.667 0.304 0.242 0.309 0.223 HEURISTIC 
62 37698 39 0.67 -0.444 0.157 0.239 0.170 0.325 HEURISTIC 
63         X 
64 53750 31 0.53 0.565 0.241 0.196 0.287 0.233 HEURISTIC 
65 40140 68 1.00 0.533 0.075 0.039 0.112 0.042 WADD 
66         X 
67 133841 57 1.00 0.000 0.059 0.049 0.088 0.092 WADD 
68 63557 13 0.53 0.250 0.150 0.000 0.129 0.146 HEURISTIC 
69 21705 17 0.73 0.273 0.089 0.000 0.122 0.110 HEURISTIC 
70 79791 114 1.00 -0.215 0.080 0.146 0.090 0.111 HEURISTIC 
71 42086 34 0.87 0.083 0.173 0.122 0.216 0.210 HEURISTIC 
72 61608 66 1.00 0.443 0.115 0.093 0.112 0.190 WADD 
73 60954 32 1.00 0.133 0.120 0.019 0.130 0.120 WADD 
74 51461 38 0.73 0.467 0.180 0.162 0.226 0.120 HEURISTIC 
75 69872 39 0.87 0.333 0.205 0.066 0.187 0.084 HEURISTIC 
76         X 
77 104072 122 1.00 -0.135 0.113 0.174 0.136 0.189 HEURISTIC 
78 22677 36 0.87 0.133 0.095 0.208 0.088 0.186 HEURISTIC 
79 34152 26 1.00 -0.043 0.189 0.072 0.201 0.036 HEURISTIC 
80 62488 75 1.00 -0.706 0.153 0.043 0.133 0.056 HEURISTIC 
81 18043 26 0.80 0.043 0.169 0.115 0.189 0.078 HEURISTIC 
82         X 
83 45913 45 0.93 -0.267 0.098 0.167 0.121 0.207 HEURISTIC 
84 51604 54 1.00 -0.190 0.046 0.062 0.044 0.072 HEURISTIC 
85 40097 42 0.87 0.400 0.209 0.157 0.253 0.117 HEURISTIC 
86 57230 73 1.00 -0.469 0.105 0.157 0.190 0.197 HEURISTIC 
87 32276 56 1.00 -0.360 0.144 0.155 0.172 0.145 HEURISTIC 
88 17851 4 0.20 1.000 0.447 0.000 0.447 0.146 HEURISTIC 
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#2: Identification values for CP2 
 
Green cells satisfied WADD thresholds. Orange cells failed to meet WADD thresholds. 
 

ID Time ACQ HOLISTIC PATTERN SD_F_ALT SD_F_ATT SD_T_ALT SD_T_ATT STRAT 
1 30893 12 0.73 -1.000 0.075 0.105 0.096 0.118 HEURISTIC 
2 60341 21 0.73 -0.176 0.119 0.275 0.301 0.442 HEURISTIC 
3 18395 41 1.00 -0.263 0.121 0.092 0.155 0.126 HEURISTIC 
4 38206 18 0.73 0.200 0.134 0.122 0.144 0.148 HEURISTIC 
5 29742 36 0.93 0.103 0.154 0.147 0.146 0.181 HEURISTIC 
6 117499 143 1.00 -0.424 0.058 0.116 0.074 0.069 HEURISTIC 
7 51915 41 0.80 0.294 0.166 0.156 0.131 0.183 HEURISTIC 
8 53886 60 1.00 -0.709 0.055 0.189 0.074 0.212 HEURISTIC 
9 36156 34 0.80 -0.103 0.140 0.079 0.159 0.045 HEURISTIC 

10 11867 2 0.07 1.000 0.447 0.577 0.447 0.577 HEURISTIC 
11 107718 69 1.00 -0.270 0.091 0.017 0.075 0.019 HEURISTIC 
12 50817 41 0.93 0.313 0.163 0.118 0.133 0.165 HEURISTIC 
13 36758 19 0.53 0.467 0.225 0.201 0.224 0.166 HEURISTIC 
14 19461 10 0.47 0.667 0.187 0.111 0.330 0.229 HEURISTIC 
15 34514 21 0.67 0.529 0.170 0.152 0.195 0.109 HEURISTIC 
16 28123 27 0.67 0.529 0.210 0.026 0.227 0.038 HEURISTIC 
17 24818 62 1.00 -0.236 0.073 0.088 0.094 0.030 HEURISTIC 
18 107155 96 1.00 -0.315 0.063 0.016 0.080 0.124 HEURISTIC 
19 77734 63 0.87 0.103 0.130 0.025 0.130 0.073 WADD 
20 116223 91 1.00 -0.475 0.063 0.053 0.110 0.109 HEURISTIC 
21 36053 34 0.73 -0.097 0.146 0.074 0.167 0.088 HEURISTIC 
22 43792 16 0.53 0.429 0.093 0.270 0.158 0.198 HEURISTIC 
23 60707 38 1.00 -0.071 0.127 0.080 0.214 0.116 HEURISTIC 
24 108225 79 1.00 -0.412 0.127 0.051 0.155 0.056 HEURISTIC 
25 64285 65 0.80 -0.288 0.156 0.250 0.202 0.218 HEURISTIC 
26 50181 43 1.00 -0.622 0.105 0.109 0.221 0.161 HEURISTIC 
27 25570 22 0.53 1.000 0.304 0.076 0.345 0.077 HEURISTIC 
28 29076 22 0.67 -0.222 0.159 0.161 0.196 0.229 HEURISTIC 
29 27439 40 0.47 0.641 0.377 0.145 0.403 0.048 HEURISTIC 
30 31365 31 0.87 0.231 0.074 0.190 0.120 0.108 HEURISTIC 
31 68001 84 1.00 -0.263 0.045 0.080 0.061 0.123 HEURISTIC 
32 87556 51 1.00 0.116 0.053 0.076 0.072 0.123 WADD 
33 112587 58 1.00 -0.535 0.125 0.068 0.151 0.115 HEURISTIC 
34 70270 43 1.00 -0.105 0.111 0.115 0.079 0.238 HEURISTIC 
35 82319 52 1.00 -0.805 0.107 0.083 0.150 0.128 HEURISTIC 
36 85944 110 1.00 -0.258 0.046 0.141 0.072 0.170 HEURISTIC 
37 28359 27 1.00 -0.750 0.056 0.097 0.071 0.196 HEURISTIC 
38 73809 9 0.33 0.333 0.214 0.297 0.183 0.291 HEURISTIC 
39 22211 7 0.40 0.200 0.217 0.289 0.203 0.290 HEURISTIC 
40 45757 12 0.47 -0.091 0.217 0.344 0.249 0.284 HEURISTIC 
41 71025 18 0.47 0.250 0.293 0.272 0.328 0.153 HEURISTIC 
42 80953 24 0.60 -0.579 0.080 0.303 0.144 0.293 HEURISTIC 
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43 79604 49 1.00 -0.179 0.044 0.076 0.057 0.116 HEURISTIC 
44 62634 33 1.00 0.333 0.051 0.118 0.067 0.102 WADD 
45 74642 92 1.00 -0.157 0.115 0.040 0.134 0.047 HEURISTIC 
46 53340 10 0.40 1.000 0.141 0.000 0.210 0.105 HEURISTIC 
47 67095 46 1.00 -0.278 0.122 0.035 0.098 0.029 HEURISTIC 
48 75991 35 1.00 -0.172 0.040 0.034 0.119 0.091 HEURISTIC 
49 47591 45 1.00 -0.282 0.047 0.126 0.109 0.132 HEURISTIC 
50 72332 44 1.00 -0.167 0.093 0.153 0.123 0.259 HEURISTIC 
51 90876 32 1.00 -0.364 0.084 0.087 0.127 0.091 HEURISTIC 
52 53011 29 1.00 -0.462 0.093 0.149 0.127 0.221 HEURISTIC 
53 54096 22 0.93 -0.500 0.119 0.110 0.182 0.154 HEURISTIC 
54 96994 32 0.93 0.565 0.081 0.149 0.073 0.204 WADD 
55 69878 27 1.00 0.905 0.085 0.059 0.079 0.044 WADD 
56 21546 17 0.80 0.800 0.098 0.000 0.126 0.092 HEURISTIC 
57 44530 3 0.07 1.000 0.447 0.577 0.447 0.577 HEURISTIC 
58 84701 50 1.00 -0.268 0.130 0.110 0.079 0.022 HEURISTIC 
59 67842 29 0.93 -0.333 0.137 0.037 0.150 0.017 HEURISTIC 
60 75705 16 0.80 0.818 0.120 0.067 0.114 0.097 HEURISTIC 
61 15500 17 0.40 0.500 0.324 0.282 0.343 0.289 HEURISTIC 
62 67750 58 1.00 -0.192 0.065 0.061 0.138 0.093 HEURISTIC 
63 40203 29 0.40 0.364 0.295 0.061 0.291 0.077 HEURISTIC 
64 38052 34 0.67 0.267 0.270 0.157 0.302 0.144 HEURISTIC 
65 26820 35 0.80 0.625 0.289 0.095 0.349 0.086 HEURISTIC 
66 15920 25 0.80 -0.429 0.133 0.208 0.180 0.219 HEURISTIC 
67 37682 55 1.00 -0.302 0.094 0.011 0.101 0.016 HEURISTIC 
68 44120 11 0.40 0.800 0.290 0.111 0.306 0.050 HEURISTIC 
69 45443 27 0.80 -0.053 0.113 0.122 0.094 0.223 HEURISTIC 
70 54304 82 1.00 -0.086 0.108 0.203 0.102 0.197 HEURISTIC 
71 22718 11 0.40 -0.400 0.207 0.321 0.373 0.501 HEURISTIC 
72 68364 98 1.00 -0.022 0.093 0.148 0.145 0.181 HEURISTIC 
73 52660 32 1.00 0.448 0.110 0.049 0.127 0.165 WADD 
74 58713 45 0.87 0.135 0.187 0.151 0.221 0.158 HEURISTIC 
75 65279 17 0.47 0.500 0.316 0.157 0.293 0.245 HEURISTIC 
76         X 
77 184815 187 1.00 -0.067 0.042 0.034 0.058 0.029 WADD 
78 40152 34 0.80 0.097 0.118 0.178 0.146 0.201 HEURISTIC 
79 85321 43 1.00 -0.933 0.027 0.063 0.067 0.052 HEURISTIC 
80 76026 48 1.00 -0.565 0.127 0.088 0.139 0.130 HEURISTIC 
81 18437 26 0.80 0.583 0.206 0.023 0.197 0.056 HEURISTIC 
82 31380 27 0.80 -0.217 0.122 0.162 0.156 0.134 HEURISTIC 
83 35690 4 0.20 -0.333 0.209 0.577 0.266 0.577 HEURISTIC 
84 35971 41 1.00 -0.077 0.080 0.088 0.075 0.026 WADD 
85 16350 18 0.60 0.818 0.150 0.109 0.188 0.185 HEURISTIC 
86 24002 43 1.00 -0.619 0.106 0.126 0.104 0.152 HEURISTIC 
87 70204 62 0.93 -0.057 0.159 0.183 0.230 0.226 HEURISTIC 
88 63647 32 0.67 -0.040 0.120 0.254 0.193 0.204 HEURISTIC 
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#3: Identification values for CP3 
 
Green cells satisfied WADD thresholds. Orange cells failed to meet WADD thresholds. 
 

ID Time ACQ HOLISTIC PATTERN SD_F_ALT SD_F_ATT SD_T_ALT SD_T_ATT STRAT 
1 28860 17 0.87 -1.000 0.067 0.095 0.072 0.136 HEURISTIC 
2 33520 26 0.80 -0.167 0.126 0.231 0.121 0.272 HEURISTIC 
3 66647 27 0.73 0.182 0.246 0.052 0.282 0.184 HEURISTIC 
4 23894 8 0.27 1.000 0.288 0.231 0.378 0.286 HEURISTIC 
5 25851 39 0.87 0.212 0.170 0.145 0.195 0.143 HEURISTIC 
6 163418 155 1.00 -0.230 0.083 0.047 0.107 0.148 HEURISTIC 
7 22834 15 0.60 0.400 0.194 0.089 0.214 0.122 HEURISTIC 
8 92503 47 1.00 -0.189 0.044 0.069 0.108 0.134 HEURISTIC 
9 62075 16 0.47 0.833 0.248 0.089 0.198 0.025 HEURISTIC 

10 22997 40 0.80 0.029 0.201 0.016 0.221 0.050 HEURISTIC 
11 141217 146 1.00 0.000 0.098 0.032 0.097 0.022 WADD 
12 54108 36 1.00 0.586 0.063 0.017 0.066 0.139 WADD 
13 62495 19 0.53 0.333 0.205 0.090 0.239 0.077 HEURISTIC 
14 45630 25 1.00 0.158 0.049 0.042 0.034 0.082 WADD 
15 53256 61 1.00 -0.509 0.051 0.144 0.078 0.173 HEURISTIC 
16 104439 99 1.00 0.383 0.106 0.028 0.186 0.118 WADD 
17 36647 30 0.67 -0.111 0.214 0.170 0.148 0.150 HEURISTIC 
18 32377 26 1.00 0.556 0.083 0.061 0.163 0.193 HEURISTIC 
19 40885 46 1.00 -0.317 0.052 0.059 0.102 0.076 HEURISTIC 
20 56106 65 1.00 0.051 0.047 0.050 0.091 0.062 WADD 
21 68725 51 1.00 -0.200 0.047 0.042 0.058 0.058 HEURISTIC 
22 54353 22 0.87 -0.200 0.094 0.082 0.120 0.068 HEURISTIC 
23 50784 36 1.00 0.563 0.137 0.059 0.208 0.176 HEURISTIC 
24 80087 30 0.73 -0.130 0.164 0.161 0.179 0.228 HEURISTIC 
25 42648 29 0.80 0.143 0.139 0.111 0.169 0.080 WADD 
26 68171 65 1.00 0.143 0.042 0.073 0.121 0.076 WADD 
27 47782 66 1.00 0.373 0.181 0.141 0.190 0.156 HEURISTIC 
28 48090 14 0.73 -0.667 0.093 0.222 0.180 0.235 HEURISTIC 
29 85470 45 1.00 0.282 0.129 0.067 0.167 0.049 WADD 
30 37542 33 1.00 -0.333 0.046 0.145 0.027 0.111 HEURISTIC 
31 16501 22 0.80 0.143 0.131 0.190 0.137 0.197 HEURISTIC 
32 64748 45 1.00 -0.211 0.105 0.048 0.201 0.151 HEURISTIC 
33 44504 30 0.73 -0.333 0.143 0.100 0.257 0.133 HEURISTIC 
34 83226 73 0.93 0.016 0.102 0.141 0.106 0.153 WADD 
35 21592 18 0.47 0.000 0.199 0.278 0.261 0.380 HEURISTIC 
36 23363 46 0.87 -0.476 0.120 0.171 0.113 0.143 HEURISTIC 
37 23850 44 1.00 -0.286 0.097 0.190 0.077 0.206 HEURISTIC 
38 23070 6 0.20 1.000 0.447 0.115 0.447 0.173 HEURISTIC 
39 15936 17 0.67 0.538 0.174 0.115 0.244 0.158 HEURISTIC 
40 52443 54 0.93 0.000 0.056 0.136 0.110 0.127 WADD 
41 19194 14 0.20 1.000 0.415 0.222 0.447 0.197 HEURISTIC 
42 40150 21 0.67 -0.111 0.186 0.147 0.157 0.184 HEURISTIC 
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43 61518 59 0.87 -0.360 0.162 0.063 0.169 0.164 HEURISTIC 
44 43218 44 0.93 -0.056 0.123 0.072 0.178 0.062 HEURISTIC 
45 20341 30 0.80 -0.407 0.103 0.170 0.120 0.155 HEURISTIC 
46 22915 37 0.93 -0.941 0.049 0.268 0.065 0.225 HEURISTIC 
47 30196 9 0.40 0.750 0.277 0.072 0.275 0.030 HEURISTIC 
48 39390 41 1.00 0.486 0.120 0.112 0.082 0.125 WADD 
49 26786 47 1.00 -0.056 0.071 0.059 0.056 0.049 WADD 
50 26144 7 0.33 -0.200 0.296 0.289 0.300 0.397 HEURISTIC 
51 67519 36 1.00 0.267 0.087 0.190 0.027 0.235 HEURISTIC 
52 18820 17 0.60 -0.429 0.189 0.253 0.205 0.261 HEURISTIC 
53 22538 27 0.87 -0.417 0.127 0.097 0.163 0.022 HEURISTIC 
54 71768 56 1.00 0.061 0.102 0.082 0.108 0.079 WADD 
55 69463 62 1.00 0.321 0.042 0.073 0.045 0.054 WADD 
56 27004 33 0.87 -0.407 0.108 0.065 0.165 0.071 HEURISTIC 
57 18302 1 0.00 #DIV/0! 0.447 #DIV/0! 0.447 #DIV/0! HEURISTIC 
58 91202 87 1.00 0.039 0.115 0.094 0.160 0.132 WADD 
59 84195 71 1.00 0.119 0.056 0.014 0.054 0.008 WADD 
60 38665 19 0.67 0.429 0.151 0.149 0.183 0.184 HEURISTIC 
61 84049 44 1.00 -0.314 0.059 0.048 0.121 0.021 HEURISTIC 
62 51309 40 0.80 -0.032 0.172 0.119 0.208 0.173 HEURISTIC 
63 127269 44 1.00 -0.476 0.047 0.167 0.134 0.113 HEURISTIC 
64 71003 60 0.93 0.061 0.086 0.163 0.113 0.123 HEURISTIC 
65 144740 103 1.00 -0.367 0.063 0.031 0.090 0.052 HEURISTIC 
66 52392 53 1.00 -0.302 0.034 0.085 0.047 0.094 HEURISTIC 
67         X 
68 100485 7 0.33 -1.000 0.163 0.306 0.184 0.306 HEURISTIC 
69 60074 45 1.00 -0.459 0.103 0.124 0.130 0.100 HEURISTIC 
70 79822 82 1.00 -0.243 0.074 0.098 0.099 0.006 HEURISTIC 
71 64463 62 1.00 -0.057 0.096 0.142 0.106 0.119 WADD 
72 109020 99 1.00 0.226 0.081 0.098 0.053 0.113 WADD 
73 91085 34 1.00 0.467 0.107 0.000 0.133 0.093 WADD 
74 83111 27 0.73 -0.143 0.135 0.182 0.129 0.133 HEURISTIC 
75 132396 29 1.00 0.714 0.145 0.037 0.213 0.013 HEURISTIC 
76 16613 29 0.93 0.048 0.130 0.059 0.130 0.051 WADD 
77         X 
78 53299 30 0.80 -0.280 0.175 0.125 0.199 0.194 HEURISTIC 
79 85681 17 0.73 0.000 0.193 0.036 0.194 0.147 HEURISTIC 
80 78183 31 1.00 -0.143 0.139 0.072 0.146 0.093 HEURISTIC 
81 64000 54 1.00 0.020 0.048 0.121 0.072 0.073 WADD 
82 55047 25 0.93 0.333 0.136 0.072 0.156 0.132 WADD 
83 47436 23 0.87 -0.619 0.140 0.052 0.205 0.063 HEURISTIC 
84         X 
85 78516 42 0.93 0.029 0.110 0.092 0.113 0.068 WADD 
86 51354 41 1.00 -0.368 0.116 0.113 0.240 0.125 HEURISTIC 
87 93005 81 1.00 0.081 0.124 0.068 0.141 0.112 WADD 
88 186490 79 1.00 0.063 0.137 0.040 0.193 0.099 WADD 
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#4: Identification values for CP4 
 
Green cells satisfied WADD thresholds. Orange cells failed to meet WADD thresholds. 
 

ID Time ACQ HOLISTIC PATTERN SD_F_ALT SD_F_ATT SD_T_ALT SD_T_ATT STRAT 
1 25987 2 0.07 1.000 0.447 0.577 0.447 0.577 HEURISTIC 
2 21805 27 0.93 0.304 0.154 0.046 0.234 0.236 HEURISTIC 
3 25840 4 0.20 -1.000 0.112 0.577 0.165 0.577 HEURISTIC 
4 24003 7 0.33 1.000 0.192 0.167 0.334 0.300 HEURISTIC 
5 52968 83 1.00 0.114 0.119 0.105 0.119 0.098 WADD 
6 98351 119 1.00 -0.400 0.057 0.132 0.101 0.202 HEURISTIC 
7 28298 24 0.60 -0.100 0.221 0.140 0.220 0.228 HEURISTIC 
8 83305 42 1.00 -0.235 0.071 0.115 0.103 0.184 HEURISTIC 
9 94143 103 1.00 -0.411 0.109 0.081 0.091 0.109 HEURISTIC 

10 48566 54 0.60 0.286 0.243 0.072 0.245 0.099 HEURISTIC 
11 132562 125 1.00 0.000 0.073 0.042 0.127 0.107 WADD 
12 55627 49 0.93 0.190 0.138 0.061 0.151 0.078 WADD 
13 56707 53 0.93 -0.217 0.117 0.137 0.133 0.088 HEURISTIC 
14 63841 31 0.73 0.545 0.162 0.144 0.219 0.272 HEURISTIC 
15 45780 52 0.93 -0.250 0.087 0.099 0.090 0.069 HEURISTIC 
16 21176 30 0.73 0.333 0.165 0.111 0.158 0.157 HEURISTIC 
17 38713 47 1.00 -0.143 0.142 0.038 0.084 0.115 HEURISTIC 
18 60047 55 0.73 -0.409 0.156 0.126 0.139 0.127 HEURISTIC 
19 35214 47 1.00 -0.500 0.067 0.055 0.072 0.075 HEURISTIC 
20 105579 68 1.00 -0.455 0.040 0.038 0.025 0.017 HEURISTIC 
21 28453 37 0.73 0.030 0.216 0.100 0.186 0.150 HEURISTIC 
22 25567 8 0.33 0.500 0.190 0.218 0.299 0.475 HEURISTIC 
23 81711 36 0.80 0.357 0.151 0.095 0.197 0.139 HEURISTIC 
24 47785 42 0.87 0.056 0.118 0.149 0.130 0.126 WADD 
25 118664 130 1.00 0.186 0.084 0.070 0.115 0.074 WADD 
26         X 
27 43289 97 1.00 0.139 0.089 0.110 0.100 0.116 WADD 
28 25053 22 0.93 0.556 0.076 0.048 0.075 0.058 WADD 
29 74270 124 1.00 -0.623 0.099 0.072 0.106 0.094 HEURISTIC 
30         X 
31         X 
32 37142 39 1.00 0.118 0.093 0.041 0.077 0.040 WADD 
33 42676 23 0.73 0.222 0.149 0.029 0.137 0.085 HEURISTIC 
34 25923 36 0.60 -0.032 0.168 0.236 0.177 0.277 HEURISTIC 
35 13805 8 0.20 1.000 0.447 0.167 0.447 0.204 HEURISTIC 
36 24516 45 1.00 -0.487 0.105 0.165 0.125 0.167 HEURISTIC 
37         X 
38 37918 4 0.20 1.000 0.447 0.000 0.447 0.139 HEURISTIC 
39 32249 28 0.87 -0.273 0.115 0.074 0.148 0.083 HEURISTIC 
40 26258 30 1.00 0.556 0.103 0.020 0.100 0.052 WADD 
41 71656 37 0.20 1.000 0.447 0.096 0.447 0.067 HEURISTIC 
42 57132 39 0.60 -0.455 0.224 0.155 0.255 0.163 HEURISTIC 
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43 116691 124 1.00 -0.125 0.096 0.131 0.119 0.156 HEURISTIC 
44 64339 40 0.87 0.467 0.127 0.033 0.135 0.042 WADD 
45 27803 45 1.00 -0.590 0.131 0.109 0.138 0.156 HEURISTIC 
46 20992 22 0.80 0.263 0.149 0.172 0.140 0.265 HEURISTIC 
47 30777 15 0.67 0.333 0.141 0.041 0.169 0.003 HEURISTIC 
48 33048 40 1.00 -0.405 0.079 0.112 0.081 0.034 HEURISTIC 
49 26892 40 0.80 0.647 0.211 0.133 0.168 0.159 HEURISTIC 
50 12861 9 0.47 0.667 0.165 0.072 0.158 0.175 HEURISTIC 
51 45559 41 1.00 -0.143 0.145 0.146 0.106 0.106 HEURISTIC 
52 23569 10 0.47 0.000 0.158 0.294 0.157 0.286 HEURISTIC 
53 23576 24 0.80 -0.556 0.130 0.066 0.131 0.049 HEURISTIC 
54 116917 108 1.00 -0.443 0.084 0.085 0.084 0.027 HEURISTIC 
55 38099 24 0.67 -0.474 0.035 0.390 0.094 0.464 HEURISTIC 
56 28122 38 0.87 -0.290 0.103 0.242 0.145 0.252 HEURISTIC 
57 17202 6 0.13 0.500 0.361 0.577 0.281 0.577 HEURISTIC 
58 166110 165 1.00 -0.287 0.090 0.017 0.096 0.028 HEURISTIC 
59 43859 49 0.93 0.128 0.152 0.012 0.185 0.120 HEURISTIC 
60 37659 10 0.60 1.000 0.187 0.000 0.191 0.055 HEURISTIC 
61 21692 25 0.53 -0.053 0.228 0.331 0.242 0.369 HEURISTIC 
62 118762 128 1.00 -0.101 0.088 0.107 0.115 0.086 WADD 
63 40088 21 0.73 0.375 0.148 0.144 0.145 0.069 HEURISTIC 
64 40737 57 1.00 -0.240 0.165 0.085 0.225 0.008 HEURISTIC 
65 43220 39 0.67 0.333 0.258 0.147 0.299 0.243 HEURISTIC 
66 19893 31 0.67 0.333 0.287 0.067 0.304 0.072 HEURISTIC 
67 40521 63 1.00 -0.586 0.018 0.058 0.053 0.032 HEURISTIC 
68 38308 5 0.20 1.000 0.447 0.000 0.447 0.027 HEURISTIC 
69 21169 13 0.47 -0.091 0.235 0.289 0.334 0.092 HEURISTIC 
70 48054 72 0.87 -0.353 0.051 0.264 0.058 0.277 HEURISTIC 
71 19319 38 0.80 -0.533 0.155 0.158 0.172 0.200 HEURISTIC 
72 11620 10 0.40 1.000 0.283 0.082 0.275 0.123 HEURISTIC 
73 50898 28 1.00 -0.043 0.128 0.135 0.076 0.040 WADD 
74 57249 42 0.93 0.056 0.147 0.028 0.108 0.063 WADD 
75 58849 35 0.53 0.846 0.260 0.067 0.236 0.115 HEURISTIC 
76         X 
77 70906 91 1.00 0.053 0.086 0.092 0.109 0.117 WADD 
78 29420 33 1.00 0.111 0.027 0.144 0.058 0.070 WADD 
79 41190 27 0.60 0.304 0.284 0.129 0.255 0.167 HEURISTIC 
80 53704 64 0.87 -0.085 0.181 0.042 0.198 0.160 HEURISTIC 
81 29841 36 1.00 -0.394 0.046 0.087 0.076 0.092 HEURISTIC 
82 15041 16 0.87 0.111 0.077 0.041 0.102 0.093 HEURISTIC 
83 29850 30 0.67 0.538 0.204 0.111 0.195 0.144 HEURISTIC 
84 30142 42 1.00 0.128 0.055 0.199 0.054 0.205 HEURISTIC 
85 13298 21 0.67 0.000 0.168 0.223 0.230 0.178 HEURISTIC 
86 44069 70 1.00 0.017 0.078 0.201 0.078 0.190 HEURISTIC 
87 58199 59 1.00 -0.120 0.116 0.110 0.145 0.166 HEURISTIC 
88 12053 23 0.87 0.111 0.117 0.153 0.160 0.294 HEURISTIC 
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#5: Identification values for CP5 
 
Green cells satisfied WADD thresholds. Orange cells failed to meet WADD thresholds. 
 

ID Time ACQ HOLISTIC PATTERN SD_F_ALT SD_F_ATT SD_T_ALT SD_T_ATT STRAT 
1 17388 1 0.00   0.447   0.447   HEURISTIC 
2 19090 10 0.33 -0.500 0.122 0.484 0.174 0.540 HEURISTIC 
3 88453 89 1.00 -0.324 0.109 0.238 0.157 0.302 HEURISTIC 
4 93505 15 0.27 -0.556 0.262 0.416 0.231 0.409 HEURISTIC 
5 35414 65 1.00 -0.579 0.104 0.033 0.114 0.045 HEURISTIC 
6 97690 116 1.00 -0.364 0.108 0.105 0.096 0.077 HEURISTIC 
7 89260 77 0.87 -0.415 0.128 0.149 0.138 0.161 HEURISTIC 
8 76536 34 1.00 -0.154 0.146 0.104 0.178 0.293 HEURISTIC 
9 80068 99 1.00 -0.699 0.069 0.118 0.086 0.112 HEURISTIC 

10 46706 51 0.87 -0.429 0.175 0.083 0.209 0.030 HEURISTIC 
11 110213 143 1.00 -0.181 0.099 0.026 0.093 0.054 HEURISTIC 
12 63711 65 1.00 -0.357 0.107 0.063 0.059 0.119 HEURISTIC 
13 53632 19 0.87 -0.333 0.108 0.148 0.100 0.169 HEURISTIC 
14 107803 38 0.93 0.586 0.080 0.119 0.105 0.095 WADD 
15 59457 56 0.93 -0.106 0.145 0.056 0.170 0.060 HEURISTIC 
16 28579 24 0.53 0.636 0.235 0.143 0.234 0.151 HEURISTIC 
17 192455 200 0.93 -0.514 0.108 0.095 0.101 0.064 HEURISTIC 
18 71286 51 0.80 -0.182 0.185 0.059 0.167 0.089 HEURISTIC 
19 55245 46 0.93 -0.561 0.049 0.092 0.101 0.041 HEURISTIC 
20 118162 89 1.00 -0.013 0.035 0.097 0.063 0.072 WADD 
21 70989 68 0.87 -0.375 0.121 0.158 0.132 0.138 HEURISTIC 
22 58941 21 0.60 0.000 0.139 0.240 0.157 0.326 HEURISTIC 
23 115590 104 1.00 -0.267 0.101 0.063 0.109 0.056 HEURISTIC 
24 82509 48 0.80 -0.436 0.142 0.192 0.263 0.167 HEURISTIC 
25 206056 217 1.00 -0.157 0.040 0.026 0.050 0.046 HEURISTIC 
26 55329 52 1.00 -0.700 0.034 0.181 0.152 0.271 HEURISTIC 
27 87091 145 1.00 -0.154 0.062 0.134 0.069 0.111 HEURISTIC 
28 80103 88 0.87 -0.595 0.136 0.110 0.111 0.153 HEURISTIC 
29 91663 56 1.00 -0.300 0.108 0.039 0.153 0.124 HEURISTIC 
30 108468 85 1.00 -0.051 0.060 0.061 0.061 0.074 WADD 
31 30015 40 1.00 -0.314 0.113 0.127 0.160 0.148 HEURISTIC 
32 38760 28 1.00 -0.440 0.093 0.074 0.095 0.057 HEURISTIC 
33 43918 36 0.73 -0.172 0.162 0.180 0.150 0.271 HEURISTIC 
34 34349 27 0.53 -0.360 0.160 0.397 0.219 0.461 HEURISTIC 
35 20039 9 0.47 0.429 0.183 0.218 0.127 0.303 HEURISTIC 
36 54393 34 0.73 -0.040 0.109 0.259 0.127 0.191 HEURISTIC 
37 12136 18 0.67 -0.600 0.075 0.334 0.099 0.343 HEURISTIC 
38 46649 40 1.00 -0.784 0.073 0.219 0.112 0.251 HEURISTIC 
39 56268 95 1.00 -0.500 0.081 0.035 0.100 0.075 HEURISTIC 
40 24910 30 0.53 -0.111 0.245 0.072 0.254 0.059 HEURISTIC 
41 61988 11 0.47 -0.250 0.197 0.404 0.130 0.451 HEURISTIC 
42 87555 50 0.87 -0.436 0.141 0.107 0.215 0.158 HEURISTIC 
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43 90788 101 0.93 -0.465 0.109 0.085 0.132 0.062 HEURISTIC 
44 59323 78 1.00 0.018 0.091 0.016 0.092 0.046 WADD 
45 21826 29 1.00 -0.760 0.045 0.021 0.094 0.041 HEURISTIC 
46 21263 20 0.53 -0.158 0.226 0.152 0.248 0.219 HEURISTIC 
47 34125 37 1.00 -0.484 0.107 0.147 0.079 0.167 HEURISTIC 
48 33105 24 0.80 -0.217 0.035 0.239 0.145 0.261 HEURISTIC 
49 26218 49 0.73 -0.268 0.164 0.188 0.148 0.151 HEURISTIC 
50 43540 46 0.93 -0.667 0.076 0.168 0.067 0.159 HEURISTIC 
51 20940 15 0.40 0.455 0.267 0.149 0.282 0.214 HEURISTIC 
52         X 
53 34446 38 0.73 -0.333 0.163 0.139 0.162 0.092 HEURISTIC 
54 146204 113 1.00 -0.574 0.129 0.113 0.137 0.083 HEURISTIC 
55 50387 27 1.00 -0.478 0.093 0.097 0.135 0.126 HEURISTIC 
56 11710 15 0.67 -0.400 0.133 0.218 0.166 0.217 HEURISTIC 
57 50810 71 1.00 -0.559 0.112 0.022 0.068 0.073 HEURISTIC 
58 229658 277 1.00 -0.365 0.079 0.086 0.061 0.053 HEURISTIC 
59 87328 93 1.00 -0.538 0.031 0.017 0.061 0.086 HEURISTIC 
60 41341 29 0.87 -0.333 0.099 0.206 0.129 0.072 HEURISTIC 
61 23923 31 0.60 0.077 0.240 0.145 0.260 0.194 HEURISTIC 
62 84172 113 1.00 -0.228 0.063 0.049 0.085 0.010 HEURISTIC 
63 77777 52 0.80 -0.182 0.171 0.071 0.191 0.099 HEURISTIC 
64 82847 77 1.00 0.101 0.052 0.276 0.057 0.373 HEURISTIC 
65 20376 16 0.60 -0.167 0.149 0.041 0.227 0.117 HEURISTIC 
66 32201 43 0.93 -0.622 0.129 0.189 0.155 0.193 HEURISTIC 
67 19036 20 1.00 -0.882 0.061 0.061 0.043 0.071 HEURISTIC 
68 41315 11 0.40 0.400 0.304 0.153 0.274 0.165 HEURISTIC 
69 65190 58 0.93 0.000 0.178 0.113 0.176 0.143 HEURISTIC 
70 57574 72 0.93 -0.077 0.093 0.232 0.096 0.216 HEURISTIC 
71 77211 131 1.00 -0.381 0.037 0.211 0.047 0.218 HEURISTIC 
72 145858 205 1.00 -0.010 0.076 0.113 0.077 0.108 WADD 
73 51466 37 1.00 -0.212 0.109 0.170 0.097 0.100 HEURISTIC 
74 82614 55 1.00 -0.167 0.095 0.139 0.073 0.093 HEURISTIC 
75 92837 22 0.53 0.889 0.252 0.165 0.272 0.141 HEURISTIC 
76         X 
77 123541 137 1.00 -0.484 0.063 0.141 0.076 0.192 HEURISTIC 
78 48274 67 1.00 -0.746 0.079 0.116 0.089 0.076 HEURISTIC 
79 77036 57 1.00 0.200 0.074 0.046 0.117 0.013 WADD 
80 58314 77 1.00 -0.353 0.156 0.061 0.121 0.010 HEURISTIC 
81 41537 56 0.93 -0.280 0.089 0.136 0.111 0.124 HEURISTIC 
82 21128 18 0.73 0.333 0.134 0.122 0.190 0.214 HEURISTIC 
83 57221 42 0.93 0.118 0.049 0.243 0.073 0.105 HEURISTIC 
84 17110 21 0.67 -0.250 0.130 0.304 0.161 0.186 HEURISTIC 
85 22548 19 0.53 0.636 0.274 0.144 0.235 0.033 HEURISTIC 
86 26806 33 0.87 -0.226 0.155 0.189 0.183 0.146 HEURISTIC 
87 98442 87 0.87 -0.299 0.108 0.283 0.112 0.306 HEURISTIC 
88 78184 36 1.00 -0.714 0.050 0.145 0.064 0.087 HEURISTIC 
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APPENDIX FOR SECTION 10.5.2 
 
#1: Identification values for CAR 
 

Dark green signals strong indicators. Light green indicates weak indicators. On 
Metric 1, light green is also utilised to test for SAT if applicable. Note that LEX/EBA was 
combined into LEX as both belong to ML2. 
 

ID TIME ACQ Metric 1 Metric 2 Metric 3 Add Prop  by Metric STRATEGY 
1 87018 82 0.382 5:1:2:3:5 0.995  x X 
2 69715 63 0.173 1,5:1,5:2:1:3 -0.866  M3 LEX 
3 132405 88 0.673 1:5:3:3:5 -0.837   Add SAT 
4 97086 47 0.154 3:1:2:2:2,5 0.721  x X 
5 52116 58 0.118 1,5:1:1:1:1 -0.091  x X 
6 82284 63 0.649 1:1:1:1,5:3 -0.866   M2 MCD 
7 134784 94 0.096 1,5:1:1:1:1 -0.929  M3 LEX 
8 84993 57 0.341 1:1:2:1:2 0.866  M2 MCD 
9 106992 162 0.454 2:1:1:2,5:1,5 0.397  M2 MCD 

10 53840 34 0.500 1,5:1:1:1,5:2 0.866   x X 
11 83447 99 0.865 2:1:2:1:2 -0.920   M1 FRQ/LIM113 
12 168313 121 1.069 2:2:1:3:2,5 0.784  M1 WADD 
13 28285 23 0.100 2:1:2:1:1 -0.866  M3 LEX 
14 49692 46 0.048 2:2:1:2:2 -0.866  M3 LEX 
15 121967 100 1.317 4:3:4:1:4 0.373  M1 WADD 
16 186507 133 0.313 1,5:1:1:1,5:1 -0.101  x X 
17 119234 106 0.321 2:1:1:1:1 -0.803  M3 LEX 
18 39023 60 0.903 1:3:1:1:2,5 -0.412   M1 FRQ/LIM 
19 97433 46 0.200 1:2:2:2:1 0.500  M2 MCD 
20 113050 159 0.250 1,5:1:1,5:1,5:2 0.355  x X 
21 44905 41 0.026 2:2:1:1,5:3,5 0.359  x X 
22 81838 76 0.698 1,5:1:1:1:1 0.758  M1 WADD 
23 34398 71 0.429 2:1:2:1:1,5 -0.939  M3 LEX 
24 74872 82 0.174 1:1:1:1:1 0.538  x X 
25 66783 68 0.610 1:1:1:2,5:1 -0.866   Add SAT 
26 65368 53 0.576 1:1:1:1:3,5 -0.899   M2 MCD 
27 77964 81 0.529 3:1:3:2:4 -0.982   M3 LEX 
28 69956 45 0.615 1:1,5:2:1:2 0.990  M2 MCD 
29 71642 44 0.132 2:3:2:2:1 0.735  x X 
30 106552 57 0.143 1,5:1:2:2:3 0.156  x X 
31 45986 54 0.106 1,5:1:1:1:1,5 -0.945  M3 LEX 
32 74683 79 0.283 1,5:1:1:3:3 -0.912  M3 LEX 
33 67974 55 0.286 1:1:1:2:3 -0.904  M3 LEX 
34 73001 89 0.246 1:2:1,5:2:2 0.798  M2 MCD 
35 111879 122 0.417 1,5:1:1,5:3:2 0.723  M2 MCD 
36 90717 42 0.519 1:3:1:3:6 0.000   Add SAT 

 
113 This was a close call. Values are proximal to strong indication on all metrics. Candidate strategies were 
FRQ/LIM, LEX, and SAT. 
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37 94272 139 0.568 1:2:1:1,5:1 -0.596   Add SAT 
38 160817 187 0.188 1:1,5:1,5:1:1 -0.961  M3 LEX 
39 189813 204 1.061 1,5:1:1,5:1:1,5 -0.577   M1 FRQ/LIM 
40 349157 207 0.701 2:1:1,5:2:1 -0.212   M1 WADD 
41 109523 100 0.672 1:1,5:1,5:1:2 -0.682   Add SAT 
42 131705 110 0.612 2:4:2,5:1:5 -0.741   Add SAT 
43 140783 102 0.351 2:1:2:1:1,5 0.899  M2 MCD 
44 232394 227 0.347 2:2:2:1:1,5 0.339  x X 
45 28281 39 1.000 3:1:1:1:3 -0.924   M1 FRQ/LIM 
46 56624 38 0.059 1,5:1:2:2:3 -0.993  M3 LEX 
47 53919 70 0.511 1:5:1:2:1 -0.164   Add SAT 
48 128276 126 0.623 8:2:1:1:6 -0.630   Add SAT 
49 150304 176 0.479 1,5:1,5:1:1,5:1,5 -0.999  M3 LEX 
50 50434 89 0.450 2:1:1:2:2 -0.805  M2 MCD 
51 56579 55 0.389 1:2,5:1:1:3 -0.655  M2 MCD 
52 145110 195 0.208 1:1,5:1:1,5:2 -0.992  M3 LEX 
53 99798 42 0.242 1,5:1,5:1:2:1 -0.961  M3 LEX 
54 50567 68 0.119 1:1,5:1:1:1 -0.545  x X 
55 28519 52 0.140 1,5:2:1:1:2,5 0.397  M2 MCD 
56 59551 117 0.420 1,5:1:1:1,5:2 0.355  M2 MCD 
57 71283 29 0.080 1,5:1,5:1,5:1:2 -0.866  M3 LEX 
58 79019 114 0.672 2:1:1,5:1:1 -0.866   Add SAT 
59 92977 121 1.151 1:2:1:1,5:1 -1.000   M1 FRQ/LIM 
60 82790 65 0.260 1:1:2:1:1 0.676  x X 
61 108170 164 0.231 1:1,5:1:1:1 0.807  x X 
62 81009 92 0.579 2:1,5:1,5:1:3 -0.427   M2 MCD 
63 127386 126 0.268 2:1,5:2,5:1:1 -0.986  M3 LEX 
64 116124 98 0.157 2:2:1:2:2,5 -0.866  M3 LEX 
65 76518 102 0.737 1:5:2:3,5:2,5 -0.987   M3 LEX 
66 100808 213 0.400 1,5:1:1,5:1:2 -0.467  x X 
67 120698 98 0.352 1:2:3:2:1,5 -0.976  M3 LEX 
68 59797 55 0.385 1:1:1:1:2 -0.359  x X 
69 225762 235 0.322 4:1:4:1,5:4,5 -0.419  x X 
70                
71 149754 125 0.118 2:2:2:1:2 -1.000  M3 LEX 
72 79861 107 0.082 2:2,5:1:2:1,5 -0.985  M3 LEX 
73 124374 163 0.455 3:3:1:3:3 -0.817  M3 LEX 
74 106332 180 0.218 1:1,5:1,5:2:1 -0.915  M3 LEX 
75 57541 48 0.023 1,5:1:2:1:1 -0.967  M3 LEX 
76 189011 93 0.233 2:1:2,5:2:3 -0.634  x X 
77 25330 25 0.211 3:1:1:1:2 0.982  M2 MCD 
78 112675 94 1.906 2:2:1:3:2 -0.687   M1 WADD 
79 80753 60 0.311 2:1:2,5:3:1,5 -0.982  M3 LEX 
80 71594 107 0.207 2:1:1:1,5:2 -0.101  M2 MCD 
81 57307 86 0.714 5:1:1:2:4 -0.529   M1 FRQ/LIM114 
82 59240 107 0.493 1:2:2:2:2 -0.808  M3 LEX 

 
114 Candidate strategies were FRQ/LIM and SAT. 
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#2: Identification values for FLAT 
 

Dark green signals strong indicators. Light green indicates weak indicators. On 
Metric 1, light green is also utilised to test for SAT if applicable. Note that LEX/EBA was 
combined into LEX as both belong to ML2. 
 

ID TIME ACQ Metric 1 Metric 2 Metric 3 Add Prop by Metric STRATEGY 
1 90698 106 0.321 2:1,5:1,5:1:1 -0.712  M2 MCD 
2 97592 122 0.333 2:1:2:1,5:1 -0.998  M3 LEX 
3 191002 184 0.475 4:1:2,5:1:2,5 0.161  x X 
4 229468 109 0.271 3:1:2,5:2,5:2 0.354  x X 
5 78472 71 0.131 2:1:1,5:1:1,5 0.961  M2 MCD 
6 79652 78 0.786 1:1:2:1:1 -0.427   M1 WADD 
7 46972 60 0.157 3,5:1:2:2:3 -0.300  x X 
8 92401 79 0.604 1:1:1,5:1:1,5 0.786  x X 
9 95514 147 0.505 1,5:1:1,5:1:1,5 0.645  M2 MCD 

10 84010 57 0.333 4:2,5:2:1:4,5 0.999  x X 
11 42036 66 0.444 3:2:2:2:1 0.912  x X 
12 97623 125 0.198 1:3:2:1:5 0.615  x X 
13 67816 133 0.248 1:1:1:1,5:1 -0.879  M3 LEX 
14 113076 138 0.360 2:1,5:1,5:2,5:1 -0.629  M2 MCD 
15 114078 90 1.625 2:1:2:2:3 -0.984   M1 WADD 
16 246506 119 0.337 3:1:1:1:2 -0.721  M2 MCD 
17 89441 138 0.495 1,5:1:1:1:1,5 -0.165   Add SAT 
18 58523 114 0.534 2,5:1,5:1:1:2 -0.568   Add SAT 
19 78403 53 0.962 4:1:3:2:1 -0.327   M1 WADD 
20 68178 122 0.196 1,5:1:1:1,5:2 -0.706  M2 MCD 
21                 
22 89970 123 0.301 1:1:1:1,5:1 -0.961  M3 LEX 
23 82232 113 0.247 2,5:1,5:1:1:1 -0.974  M3 LEX 
24 58281 61 0.261 2:1,5:1,5:1:1 -0.967  M3 LEX 
25 70899 93 0.110 2:2:1:1,5:3 -0.782  M3 LEX 
26 88976 73 0.333 1:1:1,5:1:2 -0.803  M3 LEX 
27 83864 100 0.750 2:1,5:3:1:1 0.292  M2 MCD 
28 58712 36 0.133 2:1:1:1:1 0.911  x X 
29 96447 121 0.121 1,5:2:1,5:1,5:1 -0.189  x X 
30 125075 76 0.104 2:1:2,5:2:1 0.866  M2 MCD 
31 71167 98 0.119 1:1,5:2:2:1,5 -0.366  x X 
32 70140 70 0.155 2:1:3:2:2 -0.990  M3 LEX 
33 106486 121 0.356 2:2:3:1:5 -0.988  M3 LEX 
34 73444 117 0.223 2:1:1,5:1:1,5 0.676  x X 
35 148400 140 0.586 3:1,5:2,5:1,5:1 -0.098   M1 WADD115 
36 81707 44 0.708 3:1:1:1:2 -0.500   M1 WADD 
37 113319 127 0.271 1:1,5:2:2:1,5 -0.912  M3 LEX 
38 139282 166 0.402 1:1,5:1:1:1 0.987  x X 

 
115 This was the mentioned exception to Metric 1. I classified the case as WADD because ACQ and Metric 3 
perfectly fit a MAVT-based approach (Riedl et al., 2008). 
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39 149213 136 0.381 3:2:4:2:1 0.879  x X 
40 235329 109 0.188 2:1:1,5:2:1 0.997  M2 MCD 
41 29955 51 0.065 3:2:3,5:1:3 0.715  x X 
42 158730 193 0.282 2:1:2,5:1,5:1,5 -0.866  M3 LEX 
43 108679 87 0.117 2:1:1,5:2:2,5 -0.789  M3 LEX 
44 162620 172 0.735 2:3:2,5:2:1 -0.900   M3 LEX116 
45 44492 48 0.741 1:1:2:1:1 0.000  M1 FRQ/LIM 
46 101446 78 0.242 3:2:2:1:2 0.735  x X 
47 60479 61 0.283 2:1:1:1,5:2 0.866  M2 MCD 
48 102368 110 1.057 1:2:3:3:1,5 -0.952   M1 FRQ/LIM 
49 81089 107 0.413 2:1:2:1:2 -0.991  M3 LEX 
50 57700 79 0.471 3:2:1:2:1 0.327  M2 MCD 
51 62448 68 0.245 2:1:1:1:2 0.982  x X 
52 104308 118 0.357 1:1,5:2,5:1,5:1 -0.228  M2 MCD 
53 134465 68 0.327 2:1,5:1:2:1,5 0.470  x X 
54 80292 77 0.316 2,5:1:2:1:1,5 -0.397  M2 MCD 
55 54013 75 0.327 1:1:2:1:1,5 0.906  x X 
56 62244 91 0.313 1,5:1:2:1:1 -0.884  M3 LEX 
57 66772 40 0.026 1:1:1:1,5:1 0.866  x X 
58 59811 83 0.783 3:1:2:1:2 0.000   M1 FRQ/LIM 
59 27055 22 1.625 5:2:1:2:1 0.963  M1 WADD 
60 59041 37 0.895 4:2:2:1:4 -0.866   M1 WADD117 
61 54566 74 0.490 3,5:1:1:1:2 -0.792   M2 MCD 
62 62974 56 0.618 1:1:2,5:1:1,5 -1.000   M3 LEX 
63 81023 70 0.193 1:1:2:2:1,5 -0.993  M3 LEX 
64 180317 232 0.455 2,5:1,5:3:2:1 -0.647   Add SAT 
65 84511 56 0.774 3:2:3:3:1 -0.866   M1 WADD117 
66 36354 46 0.333 2:1:4:1,5:1 0.108  x X 
67 58926 100 0.737 1,5:1:3:2,5:1 -0.577   Add SAT 
68 67236 61 0.500 2:1:1:1,5:3 -0.655   M2 MCD 
69 105874 79 0.055 1,5:1,5:2:1,5:1 -0.277  x X 
70                
71 201957 168 0.163 1:1:1:1:1 -0.500  x X 
72 76692 93 0.197 2:1,5:1:1,5:1 -0.410  M2 MCD 
73 124114 152 0.451 1:2:2:2:2 0.049   Add SAT 
74 76484 121 0.283 2:1:1:1:1 0.000  x X 
75 38806 35 0.030 3:2:1:1:2 -0.825  M3 LEX 
76 227263 131 0.173 2:1:1:1,5:1,5 -0.327  M2 MCD 
77 26859 17 0.231 2:1:1:1:1 0.866  x X 
78 76926 60 0.553 1:1:1:1:2 0.609  x X 
79 64287 40 0.857 2:1:1:1:1 -0.655   M1 WADD117 
80                
81 24981 24 0.150 1:2:1:1:3 0.866  M2 MCD 
82 156978 112 0.472 2,5:1:5:1,5:1,5:1 -0.397   Add SAT 

 
116 Candidate strategies were FRQ/LIM, LEX, and SAT. Closest to strong indication was Metric 3. 
117 I selected WADD over SAT due to the large average time spent on acquisitions (average duration ≥ 1.5 seconds). 
This does not fit a simplifying HEURISTIC (Lurie, 2004). 
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APPENDIX FOR SECTION 10.6. 
 
#1: Statistical test selection 
 

Depending on the type of sample, number of compared ‘groups’ and verification of 
specific requirements I selected the statistical test based on the below overview. 
 

 
Comparison of Mean Values 

 

Type of Sample Dependent /matched / paired Independent 

# of Groups 2 >2 2 >2 

Parametric Paired T-test rmANOVA Independent T-test ANOVA 

Non-parametric Wilcoxon Friedman Mann-Whitney-U Kruskal-Wallis 

 

Type of Sample: I regard a sample as dependent in our settings, if it relates to the same 
individuals. Consequently, if a person can only be part of one of the groups, which are being 
compared, at a time, I consider the sample independent. 

 
Requirements: I state the requirements of each parametric test during analysis. One 
assumption that all parametric tests share, however, is normality. Thus, if not all involved 
variables are normally distributed, the application of a parametric test might be inappropriate. 
During analysis, I observe issues with that assumption, for instance, for EVC_INDEX because 
it measures the deviation from 0 in absolute distance. 

 

APPENDIX FOR SECTION 10.6.1.1 
 
#1: Normality tests for attribute weight analysis 
 

 Kolmogorov – Smirnov Shapiro – Wilk 
Statistic Df Significance Statistic Df Significance 

CP1 – Fuel .084 88118 .171 .976 88 .101 
CP1 – Age  .081 88 .200119 .978 88 .143 
CP1 – Price  .092 88 .061 .973 88 .061 
CP2 – Fuel  .102 88 .025 .971 88 .043 
CP2 – Age  .058 88 .200119 .974 88 .069 
CP2 – Price  .086 88 .142 .960 88 .009 
 

 
118 Note that I calculated the average attribute weights based on the complete Qualtrics data set. Therefore, there 
are 88 responses for CP1, and not just 87 as for Mouselab data. 
119 This is a lower bound of the true significance level.  
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From here onwards, APPENDIX provides all SPSS output used to derive the findings 
of the main body.  
 
#2: Friedman test results 
 

                      
 
#3: Friedman test post-hoc analysis  
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APPENDIX FOR SECTION 10.6.1.2 
 

#1: CP1-3 presentation order values 
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#2: Friedman-test results 
 

      

   

   

   

 
 
 
#3: Tests & results for EVC_INDEX 
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#4: Welch-ANOVA post-hoc comparisons 
 

 
 
 

APPENDIX FOR SECTION 10.6.1.3 
 

#1: Study1 between-subjects analysis results 
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Absolute EVC_INDEX values 

 
 

#2: Complexity on ACQ (overall processing effort) 
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#3: Complexity on selectivity of information-processing 

SD_F_ALT variable 

 
 

 

 
 

SD_T_ALT variable 
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R_F_ATT variable 

 

 
 

R_T_ATT variable 
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#4: Complexity on transitioning behaviour 

 

 

 
 

#5: Complexity on extreme value consideration 

EVC_% variable 

 

 

 
 

EVC_INDEX 
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#6: Complexity on value model consistency 

VALUE variable 
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#7: Intervention on overall processing effort 

Wilcoxon-test 

 

 
 

Paired T-test 
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#8: Intervention on selectivity of processing (SD variables) 

Wilcoxon-test 

 

 
 

Paired T-test 
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#9: Intervention on selectivity of processing (R_ATT variables) 

Wilcoxon-test 

 

 
 
 
Paired T-test 
 

 

 
 

#10: Intervention on transitioning behaviour 
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#11 Intervention on extreme value consideration 

EVC_% variable 

Wilcoxon-test 

 
 

Paired T-test 

 

 

 

 
 

One-sample T-test 
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EVC_INDEX variable (total values) 

Wilcoxon-test 

 
 

Paired T-test 

 

 

 

 
 

EVC_INDEX variable (absolute values) 

Wilcoxon-test 
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#12: Intervention on value model consistency 

 

 
 

#13: Attribute range sensitivity 

Friedman test  

    
 

#14 Correlation of time and frequency data 
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 387 
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APPENDIX FOR SECTION 10.6.1.4 

 
#1: CP-specific strategy type differences  
CP1 
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CP2 

 

 
 
CP3 

 

 
 
CP4 
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CP5 

 

 
 
 
#2: CP-specific significance test results 
 
CP1 
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CP2 

 

 

 
 

CP3 
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CP4 
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CP5 
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#3: Intervention and HEURISTICS 
 
T-test mean differences & Wilcoxon-test results 
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#4: Choice strategy switching descriptive statistics 
 
Switchers 

 

 
 
Non-switchers 

 

 
 
#5: Significance results for between-groups mean differences 
 
Mann-Whitney-U-test 
 
CP4 

 
 
CP5 
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Independent T-test 
 
Normality assumption 

 
 
CP4 
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CP5 

 
 
#6: Intervention and choice strategy switching 
 
Wilcoxon-test results 
 
Switchers 

 
 
Non-switchers 
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APPENDIX FOR SECTION 10.6.2.1 
 
#1: Descriptive Statistics for CAR & FLAT problems 
 

         
 
 
#2: Similarity of CAR & FLAT problems 
 
Mann-Whitney-U-test results 
 

 
 
 
#3: Comparison of CAR problems across Studies: Study 2 vs Study 1-CP1 
 
Mann-Whitney-U-test results 

 
 
#4: Comparison of CAR problems across Studies: Study 2 vs Study 1-CP4 
 
Mann-Whitney-U-test results 
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APPENDIX FOR SECTION 10.6.2.3 
 
#1: Descriptive statistics 
 
CAR 
 

          
 
 
FLAT problem 
 

          
 
#2: Intervention on overall processing effort 
 
CAR 
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FLAT 
 
ACQ  

 

    
 
TIME  

 

    
 
 
#3: Intervention on selectivity of processing 
 
CAR 
 
SD variables 
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R  

 

    

 
 
FLAT 
 
SD variables 
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R 

 

    

 
 
 
#4: Intervention on transitioning behaviour 
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#5: Intervention on extreme value consideration 
 
EVC_%  
 
CAR 

   

 

 
 
FLAT 

   

 

 
 
EVC_INDEX 
 
CAR 
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FLAT 

 

    
 
 
#6: Intervention on clicking behaviour 
 
Comparing main and pilot study 

  
 
CAR 

    
 
FLAT 

    
 
CLICK variable 
 
CAR 

    
 
FLAT 
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CLICK_EVC variable 
 

  
CAR 
 
*Nonparametric Tests: One Sample. 
NPTESTS 
  /ONESAMPLE TEST (CLICKS_EVCC) WILCOXON(TESTVALUE=1.248) 
  /MISSING SCOPE=ANALYSIS USERMISSING=EXCLUDE 
  /CRITERIA ALPHA=0.05 CILEVEL=95. 
 

 
 
FLAT 
 
*Nonparametric Tests: One Sample. 
NPTESTS 
  /ONESAMPLE TEST (CLICKS_EVCF) WILCOXON(TESTVALUE=1.504) 
  /MISSING SCOPE=ANALYSIS USERMISSING=EXCLUDE 
  /CRITERIA ALPHA=0.05 CILEVEL=95. 
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#7: Intervention on value model consistency 
 

  
 
Mann-Whitney-U test results 
 
CAR 

    
 
FLAT 

    
 
 
#8: Clicking theme frequencies 
 
CAR (pre- and post-intervention) 
 

    
 
FLAT (pre- and post-intervention) 
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Chi-square test results 
 
Initial with expected count violations for ‘alternative’ 

  
 
Updated 

 

 
 
 
#9: First click timepoint 
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#10: Information processing and clicking themes 
 
Pre-intervention 
 

  
 

  
 

 
 
Post-intervention 
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#11: Significance testing on clicking themes 
 
No-click vs rest PRE 
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No-click vs rest POST 

 

 
 
 

APPENDIX FOR SECTION 10.6.2.4 
 
#1: Information processing and choice strategies 
 
Pre-intervention 
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Post-intervention 

    

 
 
 
#2: Between-ML significance tests 
 
Pre-intervention 
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      PATTERN     VALUE 

 
 
 
Post-intervention 
 

 
 

               PATTERN             SD_ALT 
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EVC_% 

 
 
 

#3: Influence of intervention on ML processing behaviour 
 
ML1 
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ML2 
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ML3 
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#4: Intervention and switching behaviour 
 
Choice strategies with attribute weighting 
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Choice heuristics without attribute weighting 
 

   
 

   
 
#5: Significance tests for intervention and switching behaviour 
 
ML1 and ML2 strategies 
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ML3 heuristics 
 

   

     
 
Non-switchers  
 

         
 

            


	ACKNOWLEDGMENTS
	SUMMARY
	Table of Contents
	List of Abbreviations
	List of Tables
	List of Figures
	INTRODUCTION
	LITERATURE REVIEW
	1. Decision-Making as a Subjective Realm
	1.1 Introduction to Decision Theory
	1.2 Introduction to Decision Analysis

	2. Overview of Multi-criteria Decision Making
	2.1 Categorisation of MCDA techniques
	2.2 Approaches based on Value
	2.3 Approaches based on Outranking
	2.4 Summary and other MCDA Methods

	3.  Normative, Descriptive, and Prescriptive Decision Making
	3.1 Descriptive Evidence against Normative Decision-making Theories
	3.2 Implications for this Thesis

	4.  Multi-attribute Value Theory (MAVT)
	4.1 Preference Relations and Axioms
	4.2 Value Functions
	4.2.1 The Additive Value Function
	4.2.2 Marginal Value Functions and Scaling Concerns
	4.2.3 Marginal Value Functions and Biases

	4.3 Attribute Weighting
	4.3.1 Attribute Weighting and Biases
	4.3.2 Attribute Weighting and Range Sensitivity
	4.3.3 Summary of Attribute Weighting

	4.4 Conclusion and Reference to Descriptive Issues

	5.  Choice Quality in the Subjective Realm of MCDM
	5.1 Implications for the Concept of Value
	5.2 Implications for the Concept of Attribute Importance
	5.3 Implications for the Concept of Optimality in a MA Choice Context

	6.  Decision-making Processes
	6.1 Overview of Decision Strategies
	6.2 Information Acquisition Behaviour and Strategy Selection
	6.3 Overview of Process-Tracing Techniques
	6.4 Comparison of Mouse- and Eye- tracking

	RESEARCH METHODOLOGY
	7. Measures of Attribute Range and Value Trade-off Consideration (MRTC)
	7.1 Previous Data Analysis based on Information-Processing Measures
	7.2 A new Avenue - the MRTC Concept
	7.3 Proposal for MRTC based on Ordinal Ranking Notation (Study 1)
	7.3.1 Related Research
	7.3.2 Choice Strategy Identification based on Information-acquisition Patterns
	7.3.3 Implications for further Proposals

	7.4 Proposal for MRTC based on emphasising Cells (Study 2)

	8.  Experimental Design
	8.1 Elicitation of the Value Model
	8.2 Choice Problems of Study 1
	8.3 Choice Problems of Study 2
	8.4 Prescriptive Video Intervention

	9. Pilot Study
	9.1 Variables & Hypotheses for Pilot Study 1
	9.2 Data for Pilot Study 1
	9.2.1 Data Collection
	9.2.2 Data Processing
	9.2.2.1 Mouselab Data
	9.2.2.2 Qualtrics Data


	9.3 Data Analysis
	9.3.1 Choice Strategy Identification
	9.3.2 Calculation of Variables

	9.4 Results of Pilot Study 1
	9.4.1 Overall Effects based on between-subjects Analysis
	9.4.2 Individual Effects based on within-subjects Analysis
	9.4.3 Effects based on Differences in Choice Strategy Usage

	9.5 Implications for Study 1
	9.5.1 Validation of Assumptions
	9.5.2 Summary of Findings
	9.5.3 Adjustments for Main Study

	9.6 Variables & Hypotheses for Pilot Study 2
	9.7 Data for Pilot Study 2
	9.7.1 Data Collection
	9.7.2 Data Processing
	9.7.2.1 Mouselab Data
	9.2.2.2 Qualtrics Data


	9.8 Data Analysis of Pilot Study 2
	9.8.1 Choice Strategy Identification
	9.8.2 Calculation of Variables

	9.9 Results of Pilot Study 2
	9.9.1 Overall Effects based on between-subjects Analysis
	9.9.2 Individual Effects based on within-subjects Analysis
	9.9.3 Effects based on Differences in Choice Strategy Usage
	9.9.4 Analysis of Clicking Behaviour

	9.10 Implications for Study 2
	9.10.1 Validation of Assumptions
	9.10.2 Summary of Findings
	9.10.3 Adjustments for Main Study


	10.  Main Study
	10.1 Adjustments to the Experimental Design
	10.1.1 Changes to Study 1
	10.1.2 Changes to Study 2

	10.2 Data Collection
	10.2.1 Recruitment Phase
	10.2.2 Collection Phase
	10.2.3 Summary on Data Collection

	10.3 Data Processing
	10.3.1 Qualtrics Data for Study 1
	10.3.2 Mouselab Data for Study 1
	10.3.3 Qualtrics Data for Study 2
	10.3.4 Mouselab Data for Study 2

	10.4 Variables & Hypotheses
	10.4.1 Variables and Hypotheses for Study 1
	10.4.2 Variables and Hypotheses for Study 2

	10.5 Choice Strategy Identification
	10.5.1 Identification Procedure for Study 1
	10.5.2 Identification Procedure for Study 2

	10.6 Data Analysis
	10.6.1 Analysis for Study 1
	10.6.1.1 Reimbursement and Choice Problems
	10.6.1.1.1 REIMBURSEMENT
	10.6.1.1.2 SELECTION FREQUENCY
	10.6.1.1.3 AVERAGE ATTRIBUTE WEIGHTS

	10.6.1.2 Presentation Order of Choice Problems
	10.6.1.3 Overall Effects based on between-subjects Analysis
	10.6.1.3.1 COMPLEXITY AND OVERALL PROCESSING EFFORT
	10.6.1.3.2 COMPLEXITY AND SELECTIVITY OF PROCESSING
	10.6.1.3.3 COMPLEXITY AND TRANSITIONING BEHAVIOUR
	10.6.1.3.4 COMPLEXITY AND EXTREME VALUE CONSIDERATION
	10.6.1.3.5 COMPLEXITY AND VALUE MODEL CONSISTENCY
	10.6.1.3.6 INTERVENTION AND OVERALL PROCESSING EFFORT
	10.6.1.3.7 INTERVENTION AND SELECTIVITY OF PROCESSING
	10.6.1.3.8 INTERVENTION AND TRANSITIONING BEHAVIOUR
	10.6.1.3.9 INTERVENTION AND EXTREME VALUE CONSIDERATION
	10.6.1.3.10 INTERVENTION AND VALUE MODEL CONSISTENCY
	10.6.1.3.11 ATTRIBUTE RANGE SENSITIVITY
	10.6.1.3.12 CORRELATION OF TIME AND FREQUENCY DATA

	10.6.1.4 Differences in Choice Strategy Type
	10.6.1.4.1 CP-SPECIFIC CHOICE STRATEGY DIFFERENCES
	10.6.1.4.2 INTERVENTION AND CHOICE STRATEGY DIFFERENCES
	10.6.1.4.3 EFFECTS OF CHOICE STRATEGY SWITCHING

	10.6.2 Analysis for Study 2
	10.6.2.1 Reimbursement and Choice Problems
	10.6.2.1.1 REIMBURSEMENT
	10.6.2.1.2 SELECTION FREQUENCY
	10.6.2.1.3 SIMILARITY OF CAR AND FLAT CHOICE PROBLEMS
	10.6.2.1.4 COMPARISON OF CAR CHOICE PROBLEMS ACROSS STUDIES

	10.6.2.2 Presentation Order of Choice Problems
	10.6.2.3 Overall Effects based on between-subjects Analysis
	10.6.2.3.1 INTERVENTION AND OVERALL PROCESSING EFFORT
	10.6.2.3.2 INTERVENTION AND SELECTIVITY OF PROCESSING
	10.6.2.3.3 INTERVENTION AND TRANSITIONING BEHAVIOUR
	10.6.2.3.4 INTERVENTION AND EXTREME VALUE CONSIDERATION
	10.6.2.3.5 INTERVENTION AND CLICKING BEHAVIOUR
	10.6.2.3.6 INTERVENTION AND VALUE MODEL CONSISTENCY
	10.6.2.3.7 ANALYSIS OF CLICKING BEHAVIOUR

	10.6.2.4 Differences in Choice Strategy Type
	10.6.2.4.1 INTERVENTION AND CHOICE STRATEGY DIFFERENCES
	10.6.2.4.2 EFFECTS OF CHOICE STRATEGY SWITCHING



	FINDINGS
	11.  Discussion of Experimental Results
	11.1 Influence of complexity on choice-processing behaviour
	11.2 Influence of complexity on choice quality
	11.3 Influence of the intervention stage on choice-processing behaviour
	11.4 Influence of the intervention stage on choice quality

	12. Conclusions, Limitations, and Directions for Further Research
	12.1 Potential Contributions
	12.1.1 The creation and evaluation of a process-based measure of choice quality
	12.1.2 The efficiency of heuristics in unassisted MA choice
	12.1.3 The efficiency of heuristics in assisted MA choice

	12.2 Limitations
	12.2.1 Methodology
	12.2.2 Data Analysis

	12.3 Directions for Future research

	REFERENCES
	APPENDICES
	APPENDIX FOR SECTION 8.1
	APPENDIX FOR SECTION 8.2
	APPENDIX FOR SECTION 8.3
	APPENDIX FOR SECTION 8.4
	APPENDIX FOR SECTION 10.1.1
	APPENDIX FOR SECTION 10.1.2
	APPENDIX FOR SECTION 10.2.1
	APPENDIX FOR SECTION 10.2.2
	APPENDIX FOR SECTION 10.3.2
	APPENDIX FOR SECTION 10.3.4
	APPENDIX FOR SECTION 10.5.1
	APPENDIX FOR SECTION 10.5.2
	APPENDIX FOR SECTION 10.6.
	APPENDIX FOR SECTION 10.6.1.1
	APPENDIX FOR SECTION 10.6.1.2
	APPENDIX FOR SECTION 10.6.1.3
	APPENDIX FOR SECTION 10.6.1.4
	APPENDIX FOR SECTION 10.6.2.1
	APPENDIX FOR SECTION 10.6.2.3
	APPENDIX FOR SECTION 10.6.2.4


