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ABSTRACT
This paper aims to test and demonstrate the relevance of “nestedness” and
complexity-related methods in the study of major social and economic issues.
Using three real-world applications – namely the distribution of mortality
causes across US counties, the distribution of crime types by community in
Chicago, and the distribution of food items consumed by households in
Malawi – we show that (i) the ecological concept of ‘nestedness’ is evident in
socio-economic structures, particularly inequality, and (ii) that we can use
complexity methods to increase our understanding of the structure of
inequality. We argue that the complexity method facilitates a more nuanced
and multi-dimensional understanding of socio-economic phenomena as
compared to unidimensional measures or methods such as principal
component analysis. In addition, complexity techniques allow us to cluster
entities into groups that face a similar set of challenges, which in turn can be
used for predictive analysis, modelling and population segmentation.
Although we use the examples of mortality, crime and nutrition, we believe
that the same approach can be applied to understanding the underlying
factors across various other social and economic phenomena. We hope this
paper will encourage greater exploration of complexity methods as a tool of
analysis for other socio-economic phenomena, and that complexity can
become a common part of the toolbox of researchers and policy makers.
Furthermore, we believe that the use of complexity analysis can become a
tool to help policy makers improve the prioritization, design and targeting of
policies, ultimately resulting in greater social impact at lower cost in our
already overstretched public systems.
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Introduction
This paper aims to articulate and demonstrate the relevance of “nestedness” and complexityrelated methods in the study of major social and economic issues. Using a series of case studies,
we show that the ecological concept of “nestedness” is an important structural feature of socioeconomic systems. Much like the normal distribution or the power law, we conceptualize
“nestedness” as a common type of distribution - the distribution of features or factors (for example
the ownership of assets, or the prevalence of diseases, etc.) across a population or geographic
location. We discuss how “nestedness” is a feature of inequality and captures something
fundamental about the multi-dimensional organization of inequality. Finally, we build on this
understanding of nestedness within socio-economic systems to underline the usefulness of
complexity methods to study social and economic issues. Using three case studies - the distribution
of mortality causes across US counties, the distribution of crime types by community in Chicago,
and the distribution of food items consumed by households in Malawi - we demonstrate how these
methods provide high predictive power and more nuanced measures, that can help policy makers
better target interventions. We hope that the use of such methods will become a common part of
the toolbox of researchers and policy makers, to enable more nuanced and context-specific
measurement, and to improve targeting of policies.

By “nestedness” in ecology, we refer to the well-established fact that the rarest species are
found in the most diverse ecosystems, while the least diverse ecosystems tend to only include
a subset of the most ubiquitous species (see Ulrich et al 2009 for a good summary of the
literature). Ecologists refer to this topological feature of location-species matrices as
“nestedness”, because the least diverse biogeographic locations tend to include a nested
subset of the species that are present in the more diverse ecosystems. Bustos et al (2012)
expand the concept of nestedness to industrial ecosystems. They show that the countryproduct matrix is nested: countries that have a comparative advantage in the most specialized
products, tend to have a comparative advantage in many different products; conversely,
countries that have a comparative advantage in few products, tend to have a comparative
advantage only in very ubiquitous products (products that are produced and exported by
many different countries). Other researchers have suggested that there is a link between the
concept of nestedness and social systems. Burgos et al (2018), for example, suggest that social
systems such as the actors-movie matrix or directors-board matrix display nested structures;
Borge-Holthoeffer et al (2017) show that nested structures emerge in social communication
networks (e.g. Twitter); Sole-Ribalta et al (2018) find that nestedness emerges in over 50 social
datasets, including social/email contacts.
By complexity, we refer to the set of dimension reduction techniques that allow us to translate
all the information contained in the structure of a matrix into a pair of meaningful entity (row)
and factor (column) scores. We build our narrative around an application of Hausmann,
Higaldo et al’s (2011) Economic Complexity Index (ECI) methodology to the cases we study.
We select the ECI approach because the logic of the method flows from the nested structure
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of the matrices we work with. By construction, the method rewards diversity of an entity (the
number of different factors associated with it) and its scarcity. Factors that are non-ubiquitous,
and that tend to be associated with the most diverse entities, are associated with a higher level
of complexity. Finally, we show that this method is strongly predictive of social/economic
outcome variables of interest, providing us with a new lens through which to analyze socioeconomic issues.
This paper is structured around six sections. We start by explaining the intuition behind
nestedness and complexity in the context of socio-economic issues. We then study how
nestedness links to inequality and captures information about the multi-dimensional
organization of inequality. Next, we apply nestedness and complexity analysis to the three
different case studies: the composition of death causes across US counties, the composition of
criminality in communities in Chicago, and finally the composition of food consumption among
households in Malawi. We conclude by identifying some of the limitations of these methods
and emphasize the fact that nestedness and complexity allow for much greater nuance and
context-specificity in the study of socio-economic issues. These methods are entirely datadriven and capture information not only about the level of a problem, but also its composition
and nature.

1. Understanding nestedness and complexity methods
What is nestedness?
Nestedness, from a technical perspective, refers to a particular structure of a presence-absence
matrix. For a formal definition of nestedness, see Staniscenko et al, 2013. Here, we attempt to
provide the intuition behind the concept of nestedness within the context of a socio-economic
issue. We will refer to the sum of each row of a matrix – with all cell values equal to either zero
or one – as its diversity; the sum of each column as its ubiquity; and the sum of all the non-zero
elements in the matrix as the total number of edges (E) of the matrix, which can be thought of
as the level of “fill” of the matrix. We refer to the rows of the matrix as entities and the columns
as factors.
To understand nestedness, imagine a matrix in which each row represents a household, each
column an asset and each cell takes the value 1 if the household owns such an asset and the
value 0 if not. We call this matrix “nested” if the ownership of assets across households were
distributed following a particular logic. To visualize what a nested distribution looks like,
consider that this household-assets matrix is ordered in such a way that the households with
the most assets are at the top of the matrix; and the assets that are owned by the most
household (the most ubiquitous assets) are at the left of the matrix. We say this matrix is nested,
if the upper left hand corner of the matrix were more likely to be populated with ones, and the
bottom right hand corner with zeroes (as in figure 1, panel A). In such a matrix, wealthy
households would own many different assets, including very common but also very rare
4
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(expensive) assets; less wealthy households would own fewer assets and would be more likely
to own common assets only. In this matrix, the assets owned by less wealthy households would
be a subset of assets owned by better-off households – i.e. the asset set of worse-off
households is “nested” within the asset set of better-off households. For example, if a
household owns a yacht (a very rare and expensive item), you would also expect that
household to own a very diverse set of other items, including items that are generally more
accessible to others, for example a chair. However, you would not expect a household that
owns a chair, probably one of the most ubiquitous items, to also own a yacht (as in figure 1
Panel B, which is not as nested as Panel A). The table owned by the asset-poor household is a
“nested” subset of the table and yacht owned by the asset-rich household.
Figure 1 – Panel A: Perfectly nested matrix; Panel B: Not perfectly nested matrix
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In the same way that few distributions follow a perfectly normal distribution, few systems are
perfectly nested. This raises the following question: when can we call a matrix – or system –
nested? Phrased a bit differently: what metric can we use to determine whether a matrix is
nested?
Ecologists and other researchers have developed a variety of tools to measure the level of
nestedness of a system (i.e. how many of its rows and columns are nested). There has been a
lot of debate about the comparative validity of these different methods, because they are very
sensitive to the structure of the matrix in question (the number of rows, the number of columns,
the level of sparsity, etc). An excellent overview of some of the tools that have been proposed
is provided by Ulrich et al (2009), and includes for example NODF (Almeida-Neto et al. 2008),
the matrix temperature measure (Atmar and Patterson 1993), and the HH number of superset
measure (Hausdorf and Hennig 2003), to name just a few.
We choose to measure the level of nestedness using the Spectral Decomposition approach
(SD), proposed by Bell et al (2008) and adapted by Staniczenko et al (2013) to the case of
ecological systems. The SD approach takes as input the adjacency matrix of a bipartite network.
Returning to the previous example, the household-asset matrix can be considered a bipartite
network that links two disjoint set of nodes: households (the entities) and assets (the factors).
Disjoint here means that households do not connect to households, and assets do not connect
5
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to assets; rather the edges of this network connect households to different types of assets and
vice versa. – with the known advantages and flexibility that square matrices provide when
working with matrices. Namely, they are symmetric, and hence allow for real eigenvalues to be
calculated. The largest eigenvalue of a square matrix is called its spectral radius. Staniczenko
et al (2013) show that the larger the spectral radius of a matrix of a given number of rows and
columns, the more nested the underlying bipartite matrix is. They also show that the maximum
spectral radius of a matrix is the square root of its total number of edges. This implies that the
order of magnitude of the eigenvalue is correlated to how connected the matrix is.
Moving forward we call spectral radius of the matrix its nestedness score. The advantage of
this method of measuring nestedness over others is that it is computationally quick, it is
invariant to permutations of rows and columns, and it better takes into account the full set of
information contained in a matrix. As we will see later, the eigenvector corresponding to the
largest eigenvalue is also a very useful metric to work with as it captures information about the
level of nestedness of the elements that make up the bipartite network (including in our
example both households and assets).
While we now have a way to measure the level of nestedness, when can we conclude that a
matrix is nested?

Inference about nestedness and null models
In order to conclude that a matrix is nested, the nestedness score of a matrix needs to be
compared to the nestedness score of matrices from randomly generated null models. If its
nestedness score is significantly higher, in a statistical sense, than the nestedness of matrices
from the null models then we can conclude that the matrix is nested. The important question
is how to construct those null models? Again, many different types of null models have been
proposed by ecologists and others (for an overview of models see Ulrich et al, 2009). The
question of null model selection is a difficult one, because by definition a null model involves
iteratively changing the composition of the matrix. Achieving the dual objectives of introducing
randomness (which is the basis of inference) and ensuring the null model captures a realistic
alternative representation of reality is not straightforward. We discuss this issue in the context
of socio-economic research via a simple example using the household-assets matrix once
again.
Imagine a perfectly nested household-asset matrix as in figure 1 – Panel A. We are studying this
matrix and want to develop a set of null models to test whether it is nested or not. There are
only a few ways in which this matrix could be altered to introduce random variation and
develop null models:
● Option 1: we could randomly increase the access of all households to assets. In this
scenario more zeroes would be replaced by ones, and the society we describe would
become more asset-wealthy. This could only be achieved in the real world by either
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●

●

●

●

increasing the wealth of all households, or by reducing the price of the most expensive
items. This is an unrealistic prospect considering resource constraints.
Option 2: we could randomly decrease the access of households to assets, by replacing
ones with zeroes. Such a strategy of wealth destruction (without redistribution), even if it
were only targeted at the wealthiest households, would not be a socially realistic alternative
to the nested matrix we are studying.
Option 3: we could maintain the asset-wealth of households fixed (in terms of the number
of items they own), but randomize the nature of the assets they own. Following this strategy,
we would be creating a null model in which yachts and chairs are interchangeable and have
the same shadow price. While such a strategy would be a realistic alternative to reality in
that it maintains existing inequalities in terms of access-to-assets, it would be unrealistic in
that it would make the assumption that all assets have equal value.
Option 4: we could maintain the ubiquity-levels of assets (accepting the fact that there are
a finite number of assets), but randomize the distribution of these assets across households.
Following such a redistributive strategy, yachts would still be equally rare, but might be
owned by the poorest households. Asset-wealthy households, would see their wealth
decrease. This strategy is realistic in the sense that it maintains the scarcity of certain assets;
it is also realistic in that redistribution is (or rather should be) one of the core functions of
most governments. However it is unrealistic in that it would amount to an extreme
redistribution strategy.
Option 5: a mix of options 3 and 4, which would amount to a more managed redistribution
strategy.

We propose to use a balanced strategy – option 5 – to develop null models following the
Bascompte et al (2003) approach. This is a middle-ground strategy that maintains the integrity
of the matrix in terms of the total number of edges in the network - in this case the total sum of
assets in the system (so no creation or destruction of resources on average). It also (on average)
maintains the order of the rows and columns of the matrix, in terms of their diversity and
ubiquity, while allowing for some redistribution from populated areas of the matrix to less
populated areas of the matrix. Following the Bascompte et al approach, the probability that a
cell in the matrix is populated by a 1, is the average of: (i) the probability that a specific
households owns an asset (which is a function of its diversity - i.e. the total number of assets
they own); and (ii) the probability that any household owns a specific asset (which is a function
of the ubiquity of the asset). If the matrix is nested to start with, then in the null world the most
diverse households will experience a slight reduction in the number of assets they own, while
the least diverse households will experience slightly greater access to less ubiquitous assets
(see one example in figure 2 below). If the matrix is not nested to start with, then the null model
will just result in a different allocation of resources across entities. We believe that in the context
of social and economic research, the Bascompte approach to constructing null models offers
the most realistic alternative version of reality. In the case studies that follow, we will use this
methodology to generate null models that can be compared to the socio-economic matrices
we work with to determine whether these systems are nested or not.
7

The importance of nestedness and complexity in social and economic systems (2018)

Figure 2: An example of a randomly generated null-model produced following the Bascompte et al approach
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Next, we define complexity - the underlying logic of which is closely associated with the
concept of nestedness.

Complexity methods
We calculate complexity following the approach of the Economic Complexity Index (ECI),
developed by Hausmann, Hidalgo et al (2011). For a formal definition of complexity and how
it is calculated please refer to the Atlas of Economic Complexity, 2011. The intuition of the
methodology is described below.
Complexity, as defined by the ECI, is a dimension reduction technique that translates the
nested structure of a matrix into row and column scores. It reduces all the information
contained in a matrix into two scores: (i) an entity score, which captures the complexity of each
entity; and (ii) a factor-score, which captures the complexity of each factor. By construction, the
complexity score for each entity is higher if: the entity is diverse (it has many factors), and if the
factors it owns are comparatively less ubiquitous; conversely, the complexity score is lower, if
the entity is non-diverse (does not own many factors) and tends to be associated with more
ubiquitous factors. In the case of the household-assets matrix, a higher complexity score would
be associated with the ownership of more and less ubiquitous assets. The complexity score of
each factor is higher if: the factor is less ubiquitous, and if that factor tends to be associated
with the most diverse entities. A yacht would be a very complex asset for example, because it
is non-ubiquitous and is only owned by households that own many other assets we well.
The ECI can also be described as a spectral clustering technique that clusters entities and
factors into two groups (Mealy et al, 2018), factors and entities with positive scores, and factors
and entities with negative scores. Entities within each group are more similar to each other in
terms of the factors they are associated with; similarly, factors within the same group are more
likely to be associated with the same type of entities. In practice the ECI provides “the optimal
one-dimensional ordering that minimizes the distance between nodes in a similarity graph”
(Mealy et al, 2018). This means that entities with the most similar complexity scores, also have
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the most similar composition of factors. The fact that it is a clustering technique, does
sometimes give the method a tendency to over-cluster. We have observed empirically that this
happens when the matrices include strongly idiosyncratic factors.
There are many other possible complexity-related techniques that one could consider using,
such as principal component analysis (PCA), the fitness metric proposed by Tacchella et al
(2012) – that we refer to here as “Fitness”, nestedness following the spectral decomposition
technique and a simple measure of diversity. We chose to work with ECI not because it
necessarily has the most predictive power, but because its underlying logic is consistent with
the concept of nestedness.
In this paper, we show that the nested structure of socio-economic systems justifies the use of
complexity techniques such as ECI. These techniques produce nuanced and context-specific
measures of the socio-economic situation of an entity. They capture information not only about
scale (for example how many assets a household owns) but also about composition effects (for
example what kind of assets households own and how specialized these assets are). We show
that as a result, complexity can yield much higher predictive power than unidimensional socioeconomic variables.

2. Nestedness and factor inequality1
There is a whole literature linking complexity to inequality. Sbardella et al (2017) work with a
nested county-industry matrix and show that the complexity of industries (measured using the
Fitness approach) is strongly predictive of wage inequalities between industries; Hartmann et
al (2017) show that in the nested country-product matrix, countries exporting complex
products – as measured by the Economic Complexity Index – have lower levels of income
inequality than countries exporting simpler products; Markey-Towler (2013) show how
complexity through preferential attachment is associated with greater inequality; Mesjasz
(2018), for example, describes how nested or fractal hierarchies and inequality arise in complex
social systems.
Here, we show that nestedness is a feature of factor inequality that helps us understand the
structure of inequality. We demonstrate this empirically by linking nestedness scores to the
level of factor inequality in randomly generated matrices of a certain dimension. We measure
factor inequality using a simple Gini coefficient, applied to the factor diversity of entities (an
individual, household or location), and use this as a benchmark against which we contrast our
nestedness scores. Note that a Gini coefficient of 1 means most unequal (complete inequality)
and 0 least unequal (complete equality).
1

By factor inequality we mean the unequal distribution of certain features – which can be a variety of things, from assets, to food
items, to crimes – across a given population of entities – which can be households, counties, or even countries.
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In the context of the household-assets matrix discussed above, the diversity of entities would
refer to the number of different assets that households own (see figure 3). This simple sum
assumes that each factor is equally weighted, or has the same shadow price, which of course
in the context of a socio-economic system is not realistic. However, we obtained similar results
when applying weights to factors, so we focus here on the special case where the shadow price
of each factor is equal to one. We believe that the reason we obtain similar results is that
ubiquity in essence acts like a shadow price for each of the assets. For example, since yachts
are rare and owned by more diversified households (i.e. affluent households), that implicitly
means that a yacht is more valuable than a table (which is very ubiquitous and is owned by all
types of household, diverse and non-diverse). In this case, the owning of a yacht would give
the richer household a higher diversity or complexity score than a table, and in this way, all
assets have an implicit weighting associated with their ubiquity. We refer to the sum of rows of
each entity as its “diversity” and the total number of edges in the matrix (E) as the sum of all
non-zero elements in the matrix.
Figure 3: Definition of factors, entities, diversity, ubiquity and the total number of edges

In the example below, we used 1000 draws of randomly constructed matrices consisting of 100
entities and 20 factors. We constructed the matrices by first randomly selecting the number of
edges in the bipartite network; followed by a random re-ordering of those edges linking
entities to factors. We obtained similar results with different combinations of rows and columns.
The smaller the matrix, however, the less clear the patterns, though the results still hold.
For a fixed number of edges (E) in a bi-partite network, we observe a very clear positive linear
association between the nestedness score and Gini coefficient: the more nested the matrix, the
more inequality in the system. These results imply that a more nested organization of a matrix,
with a fixed number of edges, is associated with a more unequal distribution of resources.
Figure 4 below show the association between nestedness and inequality when we set the
number of edges at 400 (a sparse matrix) and 1800 (a more filled matrix). We find that the
nested organization of a matrix explains 67% of the variation in inequality when E=400; and
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80% of variation in inequality when E=1800 (with 1000 random draws, keeping the number of
rows, columns and edges fixed).
Figure 4: Association between nestedness and inequality
E=400 (graph 1); E=1800 (graph 2)

It is important to note that the “general level” of nestedness of a matrix (both measured by SD
or NODF) is determined by the number of edges in the underlying bipartite network. Figure 5
shows that the number of edges of a matrix almost perfectly predicts its nestedness score
(r2=99.99). Hence, the positive association between the nestedness of a matrix and the Gini
coefficients holds for a given number of edges – i.e. we should not compare inequality across
matrices with different number of edges as this will mechanically lead to lower inequality,
unless we adjust for the number of edges or we are observing the same system over time. The
link between the level of “fill” of the matrix and existing nestedness scores has been discussed
in the literature (see Wright et al. 1998, Ulrich and Gotelli, 2007, Almeida-Neto et al. 2008).
How this links to inequality also seems clear. The more edges there are in a bipartite network,
the more abundance in the system, hence the lower the level of inequality on average.
Figure 5: Association between # of Edges and its Nestedness Score
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Nestedness provides us with a way to measure the level of factor-inequality in a bipartite
system, with respect to how factors are distributed across entities and with respect to the level
of abundance in the system. It is a compositional measure of inequality that does not only focus
on one variable alone (let’s say, income), but on the distribution of multiple factors across
entities. It takes into account both the level of inequality, and the composition of it. Nestedness
also provides us with a way to understand inequality within a system and to visualize what it
looks like.
Finally, studying inequality through the lens of nestedness is a relatively more simple – and
potentially cheap - alternative to more traditional measures of inequality, for example focusing
on household income. Measuring income at the household level requires very detailed and
complicated household surveys that are very expensive to deliver. Nestedness shows us that
you can obtain very nuanced and context-specific information about inequality within a system,
by simply collecting data about a binary set of factors.
Using nestedness and complexity analysis, we show in the ensuing case studies that sets of
binary factors, contained in an entity-factor matrix, can have very strong predictive power in
socio-economic settings. While nestedness allows us to understand the structure of inequality,
complexity allows us to analyze it. The first case study, on crime patterns in the Chicago, shows
that nestedness and complexity can also yield some unexpected findings.

3. Case study 1: Nestedness and complexity in crime
patterns in the City of Chicago
Data and objectives
The first dataset we work with is an incredibly detailed dataset on crime in Chicago maintained
by the City of Chicago. Each reported incident of crime in the city is categorized and localised.
We use a list of 170 different types of crime across 77 communities in Chicago. We combine
data from 2008 to 2010 and collapse the number of incidents reported by community and type
of crime. Data from these three years are appended, to create more detailed data per
community/crime type. We structure this data as a community-crime matrix, in which rows
correspond to each community in Chicago; and columns to the 170 different crime types. Each
element in the matrix identifies whether a specific type of crime was a non-negligible
contributor to crime in that community. We count a crime type as being non-negligible in that
community if more than 1 out 2000 reported cases fall in that crime category; if fewer than 1
out of 2000 cases were in that crime category we count it as absent from that community. We
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only select crime-types that were present in at least 5 communities. By selecting a threshold
that is relative to the number of crime cases, we ensure that the result matrix and complexity
score is more independent from the actual crime rate (crime incidents per capita). The
threshold is arbitrary and serves the purposes of the example we present below; alternative
threshold leads to either too sparse or too filled matrices, which reduces the precision of the
methods we discuss.
In selecting this case, our working assumption was that the poorest communities in Chicago
are exposed to a diverse set of crimes, including crime types that are rare in other locations.
Conversely, communities that are better-off experience fewer types of crime, and are typically
only exposed to common - less serious - types of crime. We ask three questions in this case:
● Is the community-crime matrix nested and what does that imply about the distribution
of crime in Chicago?
● Is the associated complexity score at the community level predictive of socioeconomic conditions in those communities?
● What can we learn about the different types of crime in Chicago from both complexity
metrics?

Nestedness
The community-crime matrix is nested, although less clear-cut visually than in the next case of
the county-mortality matrix that we will see. The image of nestedness we observe here reveals
that there is a subset of about 50 crime types that are highly ubiquitous across community areas
- almost all communities areas face these types of crime. The remaining crime types are
increasingly less ubiquitous. Statistically, we find that communities that are exposed to the
greatest number of crime types are also more likely to be exposed to these more rare crime
types, but there are also many exceptions to the rule. In general, while there are inequalities
in the distribution of crime types across communities in Chicago, the general picture seems to
suggest that many communities areas are exposed to many different types of crimes.
With a nestedness score of about 82 using the SD method, the matrix is significantly more
nested than randomly drawn null models (t-statistic=137 for just 50 draws). The null model in
this case refers to a world in which community areas that are exposed to the fewest types of
crimes experience a slight increase in crime, including non-ubiquitous crime-types; at the same
time, communities that are exposed to the highest variety of crimes, see their exposure
decrease slightly. It is a world in which exposure to crime is slightly more evenly distributed
across community areas in Chicago. The nested nature of this matrix justifies the use of
complexity methods, which we discuss in the next section.
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Figure 6: Community areas (sorted by Diversity) and crime types (sorted by Ubiquty) matrix

Complexity
We apply the ECI methodology to the community-crime matrix and obtain two sets of scores:
(i) a community area score, which measures the complexity of the crime risks faced by the
community; and (ii) a factor score, which looks at how complex the crime types are. The
complexity area score gives more weight to communities that face a diverse set of crimerelated risks, and in particular crime-types that are less common in other neighborhoods. The
complexity score also gives the highest score to crime types that are non-ubiquitous and that
are more likely to occur in communities that are already exposed to a diverse set of crimetypes.

Community area scores
Starting with community area scores, we show that complexity captures something
fundamental about the socio-economic structure of communities in Chicago. The ECI
complexity score associated with the community-crime matrix is a strong predictor of the
average income per capita of community areas (as measured in the Chicago Census). It
explains about 61% of the variation in income per capita. The association is negative and
strongly statistically significant (t-statistic=-10.7).
The complexity score is a more powerful predictor than alternative measures. In comparison,
the crime rate (number of incidents reported per capita) explains about 21% of variation in
income per capital levels (with a t-statistic of 4.5). The PCA associated with the communitycrime matrix and its square, explains about 51% of the variation in community area income per
capita levels; nestedness and its square explain about 47%; Fitness, run with 20 iterations,
about 43%. In general, complexity related measures provide a strong signal because they are
more nuanced and context-specific metrics. They capture information not only about the level
of crime, but about its composition. This could be very useful from an analytical perspective
and help policy makers/researchers identify the determinants not only of the level of crime in
a given location, but also the composition of criminality.
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Figure 7: Association between complexity score and log Income per capita In community areas

The crime-related complexity score captures something deeper about social outcomes in
Chicago. We find that community-areas in which the crime-rate (incidents reported per capita)
was greater than expected - given their complexity score - experienced a more rapid decline
in crime rates between 2010 and 2017. These were community areas with a latent potential to
see their crimes rates decrease. Similarly, communities where the crime rate was lower than
expected given complexity levels, experienced a less rapid decline in the crime rate. Figure 8
shows the negative association between the prediction error and the change in the crime rate
between 2010 to 2017 (note that for 2010 we average crime rates between 2008 and 2010; for
2017, we average crime rates between 2015 and 2017). This association is statistically
significant at the 1% level (t-statistic of 5.9) and explains 32% of the variation in the difference
of community area crime rates between 2010 and 2017. This is analogous to the findings of
Hausmann, Hidalgo et al (2011), with respect to GDP growth and complexity and is one more
example of the predictive power of complexity-related methods.
Figure 8: Association between change in crime rate between 2010-2017 and prediction error
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Factor-level scores
Factor-level complexity scores reveal that high – and low –complexity neighborhoods face a
very different set of crime types. The most complex crimes, which make communities standout in the complexity score, include armed robbery, sexual offences, theft and “public peace”
violations. These are crimes that are disproportionately more common in communities that are
exposed to many other types of crimes as well. These also happen to be amongst the most
serious types of crimes, involving dangerous weapons and aggravated violence. What the
complexity score also tells us is that this subset of serious crimes tends to co-occur in the same
kind of communities. There is a cluster of communities where these crimes are
disproportionately more common.
Table 1: Top 10 most “complex” crime types
Rank

Factor Description

Complexity Score

1

Public peace violation - reckless conduct

1.769

2

Armed robbery with a handgun

1.758

3

Strong-armed robbery, no weapon

1.753

4

Aggravated robbery

1.721

5

Criminal sexual offence

1.694

6

Theft US$500 and under

1.666

7

Attempted theft

1.616

8

Armed robbery with an (other) dangerous weapon

1.616

9

Theft from building

1.611

10

Financial theft over US$300

1.611

The least complex crime-types, associated with more affluent community areas, appear to be
less serious and include crimes of a very different nature, involving more narcotics
possession/use, as well as deception and fraud. The most serious crime that stands out is sexual
assault again a child by a family member.
Table 2. Top 10 least “complex” crime types
Rank

Factor Description

Complexity Score

1

Narcotics - Barbituates

-1.918

2

Forged prescriptions

-1.909

3

Deliver hallucinogen

-1.823

4

Embezzlement

-1.669

5

Sexual assault of child by family member

-1.614
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6

Liquor licence violation

-1.602

7

Unlawful use of recorded sound

-1.523

8

Deceptive theft by lessee of motor vehicle

-1.505

9

Motor vehicle theft at home

-1.433

Possession of narcotics

-1.425

10

Our next case study, on mortality patterns in the United States (US), shows that nestedness and
complexity can also yield some unexpected findings.

4. Case study 2: Nestedness and complexity in
mortality patterns across US counties
Data and objectives
The second dataset we study is a major Centre for Disease Control (CDC) dataset on the causes
of mortality in the US in 2006, by county and by cause. We structure this data as a matrix, in
which rows correspond to each county in the US; and columns to 95 different causes of death
(defined using UCDI chapter codes). Each element in the matrix identifies whether a cause of
death was a non-negligible contributor to death in the county or not. We count a death cause
as being non-negligible in that county if more than 1 out of 1000 deaths in that county were
explained by that cause. In the health literature, this ratio is referred to as the proportional
mortality rate. The presence or absence of a death cause is therefore relative to its frequency
as a proportion of all death cases in a given county and is not directly a function of the mortality
rate. We choose to work with the proportional mortality rate in order to study compositional
effects and dissociate our measure from the mortality rate. Three points are worth noting in
this respect: (i) with this cut-off point, we observe more than 95% of the edges in the network
where the mortality rate is greater than 0 (only 4.9% of cases are trimmed because they are
deemed too low to be considered a “non-negligible” cause in that community); (ii) we find
similar patterns when calculating the matrix using simple mortality rates, in cases where the
cut-off point is sufficiently low to capture the vast majority of cases; and (iii) we also find similar
patterns when using a revealed comparative advantage approach (see Hausmann, Hidalgo,
2009).
Our working hypothesis in selecting this dataset was that - relative to the mortality rate - people
living in less affluent counties of the US would face a greater variety of health risks (and by
extension death causes) than people living in affluent counties. Moreover, our expectation was
that people living in relatively less affluent counties would also be exposed to non-ubiquitous
risks that are less prevalent in counties that are more affluent.
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This case study reveals that our working hypothesis was wrong; in fact, the opposite turns out
to be true. As a proportion of all deaths within a county, we find that people in comparatively
more affluent counties in the US tend to die from a greater variety of causes, including rare
causes of death; while people living in less affluent counties tend to die from fewer and more
common causes of death. It is important to remember that we are talking in compositional
terms, and not in terms of the mortality rate associated with different causes of death.
In this section we propose several alternative explanations for this phenomenon. We ask the
following questions:
● Is the county-mortality matrix nested and what are the implications thereof?
● What can we learn from the complexity of death causes? Are the corresponding
complexity scores a strong predictor of county-level income per capita levels?
● What can we learn from factor-level complexity scores?

Nestedness
The county-mortality matrix is almost perfectly nested (see figure 9). We test for the nestedness
of the matrix using the SD approach applied to randomly generated null models. With a level
of nestedness of 281, we find that the matrix is very significantly more nested than the
corresponding null model (t-statistic >900 for only 50 random draws). The matrix clearly shows
that in 2006 there were counties in the US where people faced a low diversity of death causes
and typically more common and ubiquitous causes of death. Inversely, there were also
counties where people were exposed to a much larger variety of causes of death, including
very rare causes of death.
Figure 9: Counties (sorted by Diversity) and Causes of Death (sorted by Ubiquity) matrix

This matrix captures geographic inequality in the health situation of different countries in the
US. The question we ask and attempt to answer in the following sub-section is how can this
apparent inequality can be interpreted?
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Complexity and predictive power
To answer this question we apply the ECI complexity metric to the county-mortality matrix. The
complexity metric gives more weight to counties that face a diverse set of mortality risks, in
particular causes of death that are rare (and that are more likely to occur in communities that
are already exposed to many other potential causes of death). We obtain two scores: (i) a
county score, which measures the complexity of the mortality risks faced by the community;
and (ii) a factor score, which looks at how complex the mortality risks are.

County-level scores
Focusing first on county-level scores, we find that complexity is a strong predictor of
inequalities in county-level income per capita (as measured by the US Bureau of Economic
Analysis at the US Department of Commerce, 2006 data). Complexity and its square explain
about 21% of the variation in log income per capita and are both strongly statistically significant
predictors at the 1% level (an effect that holds when controlling for the mortality rate and the
log of the county population). Complexity is a stronger and more statistically significant
predictor of income inequality than mortality and its square (which explain about 14% of
variation in income). This is because it not only takes into account the level of mortality, but also
its composition. PCA, Fitness, Diversity, Nestedness – other types of complexity related
techniques – are equally strong predictors of income per capita.
Contrary to expectations however, the higher the mortality-related complexity of a county, the
higher its income per capita. The data confirms that counties with higher income per capita
levels tend to be associated with a higher variety of death causes, including more “specialized”
or unique causes of death; counties with lower levels of income, are associated with fewer and
more common causes of death. The question is why?
One potential hypothesis is that age dynamics might explain these patterns: people in more
affluent communities tend to live longer, which leads to a greater variety of death causes. Age
is indeed a very strong predictor of mortality patterns, as ascertained by the fact that the
proportion of people above the age of 60 in a county explains about 60% of the variation in
mortality rates. However complexity cancels out the effect of age. This is because age affects
different types of death causes more than others. Complexity accounts for the effect of age by
adjusting scores for the composition of death causes, some of which are disproportionally
more frequent in older populations. The result is that while about 60% of variation in countylevel mortality rates is explained by the proportion of the population aged 60 or above, age
explains just 3% of the variation in complexity scores. One way of conceptualizing complexity
in this context is that it captures the underlying inequalities in the distribution of death causes,
after attenuating for the effect of confounders (like age) that differentially affect factors.
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Figure 10: Association between complexity score and county-level log Income per capita

We offer three potential explanations for this unexpected link between income and the
nestedness of the county-mortality matrix:
Explanation 1: People living in less affluent counties are disproportionality more likely to die
from common causes of death for which treatments exist because their access to treatment is
limited due to the availability and affordability of healthcare. The result of this dynamic would
be that the proportion of more common – and potential avoidable – deaths is much higher in
low income counties. At the same time, this dynamic would push up the share of less ubiquitous
causes of death - as a proportion of all deaths - in the more affluent counties. If this hypothesis
were true we would therefore expect the difference between mortality rates in lower and
higher income counties to be correlated with the ubiquity of death causes. The data shows
exactly that (see figure 11). We divide counties into “low” and “high” affluence counties using
a simple 50/50 split. We then rank each death cause according to its ubiquity and calculate the
relative mortality rate of low over high income counties for that particular cause. We find that
for the 20 most ubiquitous causes of death, the mortality rates are higher in low income
countries. The relative mortality rate of lower income countries decreases along with the
ubiquity of the underlying causes. Figure 9 confirms that the least ubiquitous death causes are
much more likely to occur in more affluent counties.
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Figure 11: Association between death causes (sorted by Ubiquity) and the relative mortality rate of low versus high
Income counties

* this graph excludes 5 outliers

Explanation 2: The second reason we might be observing this unexpected association
between mortality-related complexity and income, is a diagnosis bias. The diseases - and by
extension the death causes - of individuals living in higher income neighborhoods might be
more precisely known, simply because they have a greater tendency to get diagnosed.
Research shows for example relatively higher income individuals might be diagnosed with a
greater number of diseases, because of the simple fact that they seek much more medical
treatment, often even too much medical treatment (see Welch et al, 2017). If a patient does not
have a regular physician and does not die at a hospital – which we would assume are more
likely occurrences in low income settings – then the medical examiner that prepares the death
certificate might not have precise enough knowledge about the underlying disease. The
medical examiner might instead register a more generic – common – cause of death. This
explanation of why we find that individuals in higher income area are exposed to a higher
variety of death causes is consistent with figure 11. This explanation would however imply that
mortality data is inherently biased and might not be a good indicator at all of the mortality rates
associated with the rarest types of death causes.
Explanation 3: The last explanation we propose relates to the concept of “diseases of
affluence”, which refers to the types of diseases - such as obesity, high blood pressure,
cardiovascular diseases, type 2 diabetes or for example certain types of cancer - that tend to
occur as the result of the environment or the modern lifestyle and diet. Mortality rates
associated with these types of death causes have been found to increase with income levels
up to a certain point, before flattening out or decreasing beyond a certain threshold (see for
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example Ezzati et al, 2005). One example of this dynamic at play in the context of the US is the
fact that the proportion of overweight people in counties in 2006 is positively and very strongly
associated with the average income per capita. This is one piece of evidence that suggests we
might be observing a similar pattern here, whereby environmental, lifestyle and diet factors
are driving up mortality rates for less common causes of death in more affluent counties.
Our objective in this case study is not to come to a conclusion about the causes of inequality
in the US health system, but rather to demonstrate the usefulness of nestedness and
complexity-related analysis. This example shows that complexity based on a simple binary
entity-factor matrix can yield very strong and nuanced predictions, that outperform
unidimensional measures (such as the mortality rate) or methods such as principal component
analysis (which relies on a similar spectral decomposition, but first transforms a matrix into a
square co-variance matrix). Complexity-related measures, which account for compositional
effects, can be used for more nuanced measurement and understanding of underlying
inequalities in entities and factors. We use the example here of death causes, but the same
type of methods can be applied to disease-occurrences, patient types, the breakdown of
health-care costs by type of treatment, etc.
Beyond helping us develop a more nuanced and multi-dimensional understanding of health
inequality issues, complexity-related metrics offer the potential for policy makes to design and
implement more precise geographic targeting and prioritizing of health-care resources.

Factor-level scores
Factor-level complexity scores capture information not only about how ubiquitous a certain
death cause is, but also about the types of counties in which deaths related to this cause occur.
Causes of death with the highest complexity levels will tend to be relatively non-ubiquitous
causes, which are more likely to occur in counties which manifest a comparatively high variety
of causes of death.
Out of the top 10 most complex causes of death picked up by complexity, 9 are different types
of cancers (see table 3). The most complex cause of death are cancers of the pancreas, which
are associated with notoriously high mortality rates. In terms of interpretation, it is important to
remember that ECI optimally orders factors in such a way that factors with the closest
complexity scores are also the factors that are the most similar in terms of the counties in which
they occur. These top 10 causes of death in terms of complexity are not only likely to occur in
counties that – compositionally speaking – manifest a high diversity of death causes; they are
likely to be occur in the very same communities. What this data suggests therefore is that there
are counties in the US which: a) manifest a high diversity of potential death factors; and b)
where these specific factors (in this case, cancers) are - relatively speaking - more likely to be a
cause of death.
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Table 3. Top 10 most “complex” causes of death
Rank

Factor Description

Complexity Score

1

Malignant neoplasm of pancreas (C25)

1.366

2

Other and unspecified infectious and parasitic diseases and their sequelae

1.333

3

1.328

4

In situ neoplasms, benign neoplasms and neoplasms of uncertain or unknown
behavior (D00-D48)
Non-Hodgkin's lymphoma (C82-C85)

5

Malignant neoplasm of bladder (C67)

1.272

6

Leukemia (C91-C95)

1.240

7

Multiple myeloma and immunoproliferative neoplasms (C88,C90)

1.235

8

1.206

9

Malignant neoplasms of meninges, brain and other parts of central nervous
system (C70-C72)
Malignant neoplasm of ovary (C56)

10

Malignant neoplasms of kidney and renal pelvis (C64-C65)

1.194

1.283

1.206

The least “complex” causes of death captured by the complexity method are: a) residuals from
the classification system, namely “all other diseases”, “unclassified diseases”, and all “other
causes of non-death”; and b) other causes of death that are common across all communities including renal failure, heart diseases and chronic lower respiratory diseases. These are
amongst the most common causes of death, that affect the least affluent communities the most.
The list of death causes lends credibility to the diagnosis-bias hypothesis, since residuals such
as all other diseases, unclassified diseases and other causes of death, tend to occur in
communities that manifest the lowest variety of death causes.

Table 4. Top 10 least “complex” causes of death
Rank

Factor Description

Complexity Score

1

All other diseases (Residual)

-2.234

2

-2.074

3

Symptoms, signs and abnormal clinical and laboratory findings, not elsewhere
classified (R00-R99)
All other non causes of death

4

Renal failure (N17-N19)

-1.816

5

Other heart diseases (I26-I51)

-1.799

6

All other forms of heart disease (I26-I28,I34-I38,I42-I49,I51)

-1.769

7

Other chronic lower respiratory diseases (J44,J47)

-1.749

8

Ischemic heart diseases (I20-I25)

-1.692

9

Heart failure (I50)

-1.682

10

Diseases of heart (I00-I09,I11,I13,I20-I51)

-1.643
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5. Case study 3: Nestedness and complexity in the study
of poverty factors in Malawi
Data and objectives
In this section we use data from Malawi’s 2010 integrated household survey to study the link
between nestedness, complexity and poverty. We base our analysis on a version of the dataset
that was cleaned by the World Bank and prepared for a machine learning competition. We
focus on household-level food consumption and asset ownership data and show that
nestedness does not only manifest itself - as the name might suggest - at the level of a
geographic aggregate, but also at more granular levels.
We create two matrices: a household-food matrix and a household-assets matrix. The
household-food matrix includes 12,271 households in the rows and 104 different food types
in the columns. We only include households that have consumed at least one food item
(otherwise we have no information on that household) and food items that have been
consumed by at least 30 households to avoid noisy data. The elements of this matrix take the
value 1 if the household consumed this item; 0 if not. Following the same logic, we create a
presence/absence matrix for asset ownership. This matrix includes 10,428 households and 26
different assets. The edges take the value 1 if a household owns a specific asset, 0 if not.
Our working assumption in selecting these datasets was that nestedness and poverty are
intricately related through the vector of the unequal distribution of resources across
households. We ask three questions in this case study:
● Are the household-food and household-asset matrices nested?
● Are the associated complexity scores predictive of household poverty?
● What can we learn from the factor-level scores?

Nestedness
Both the food consumption and assets matrices are very nested. Looking at the food
consumption matrix, we can see that there are certain items that are consumed by almost all
households; while the least ubiquitous food items tend to be consumed by households that
consume a very diverse set of food items. The nestedness level of the household-food matrix
is significantly different from the nestedness of the null models where the average nestedness.
The same holds true for the household-asset matrix. Nestedness here captures the structure of
underlying inequalities in access to food and assets in Malawian society in 2010.
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Figure 12: Household (sorted by Diversity) and Food Items (sorted by Ubiquity) Matrix

Poverty is often defined in terms of a level, for example an income level threshold, or a
threshold applied to a multi-dimensional composite index. Households above or below the
poverty threshold have more or less of a factor that is supposed to be good for them – for
example higher income, greater access to education or healthcare, longer lifespans. We often
conceptualize poverty in terms of a ladder. You add a dollar per day to your income, you move
up the ladder. Your child finishes secondary school, you move up another step of the ladder,
and so forth.
The nestedness structure of these two matrices, leads us to propose an alternative – and
complementary - definition of poverty: compositional-poverty. Compositional poverty is
specific to the context of the matrix that is being studied. This definition assumes that poverty
arises from an unequal and “nested” distribution of factors across households. We define
households that, in the context of the system we are studying, consume or own fewer and more
common types of items as “compositionally-poor”, and households that have access to a
greater diversity of items, including items that are less-ubiquitous, as “compositionallyaffluent.” This compositional-poverty measure takes the edges off the level of consumption or
ownership, and adjusts it for the composition of items a household owns or consumes.
We propose to calculate compositional-poverty as a continuum using the ECI-complexity of
the two matrices we are studying. This measure finds the optimal ordering of households in
terms of food-consumption or asset-ownership similarity. We also exploit the fact that the ECI
algorithm clusters households into two groups. Households with a positive ECI complexity
score will be more similar in their relative compositional-affluence; household with a negative
complexity score will be more similar in their relative compositional-poverty.
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Complexity
Households
Compositional-poverty (calculated using the ECI complexity score) is a strong predictor of
income-related poverty and captures something beyond the number of items consumed by a
household or the number of items owned by a household. It captures information about the
composition of what they consume or own and about the similarity between households with
a similar rank/score. We show here that although compositional poverty is not a better
predictor of income-poverty than more traditional techniques, likes PCA (which is also based
on spectral decomposition), it offers an alternative measure, that captures complementary,
more nuanced and context-specific information.
In this section we refer to ladder-type measures of poverty, as poverty measures that are more
closely tied to the level of consumption or ownership, as opposed to the composition thereof.
The diversity of a matrix (the sum of rows, across all factors) for example is a ladder-type
measure. PCA, while based on a spectral decomposition, is also a ladder-type measure. PCA
applied to the household-food matrix explains 79% of the variation in the corresponding
diversity measure, compared to just 44% for the corresponding ECI complexity measure.
Income-based poverty is also a ladder type measure – the more income you have, the lower
your poverty level.
Compositional-poverty (as defined by the ECI score) is a good predictor of income-poverty,
but not as good as some of these ladder-type measures, such as diversity or PCA. The ECI
complexity index and its square applied to the household-food matrix explains about 23% of
the variation in income-poverty rates (t-statistic=59). This association holds, controlling for
diversity or PCA, suggesting that complexity captures a different nuance than just a level-effect.
Using a simple data-driven cut-off point of 0, composition-poverty seems to do a good job in
identifying income-poor households, where it misclassifies 17% of households; it does less well
on households classified as non-poor, 40% of which are misclassified (see table 5). In
comparison, PCA and its square explain 34% of variation in poverty rates; diversity and its
square 32%. While both these measures are better predictors of income-poverty than
complexity, it is not self-evident that ladder-type measures are better than a more
compositional approach to studying poverty.
Table 5: Comparing food consumption-complexity and poverty
Complexity

Non-poor
(income)

Poor
(income)

Low (<0)

40.0%

83.5%

High (>0)

60.0%

16.5%

Total

100%

100%
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To compare ladder-type measures of poverty to a more compositional approach, we ask the
following question: which of the two approaches yields better predictions about the
composition of the household-assets matrix, which corresponds to a separate set of factors
altogether? If ladder-type measures capture something more fundamental about poverty
patterns in the Malawian society, then we would also expect them to yield better predictions
about how assets are allocated across households.
Here compositional-poverty performs much better. The ECI complexity score applied to the
household-food matrix explains about 53% of the variation in the ECI complexity score of the
household-asset matrix (see figure 13). This compares to 34% of variation for PCA and its
square, 20% for diversity and its square, and 12% for the income-poverty dummy. These results
confirm that households that are related in terms of the mix of foods they consume, are also
related in terms of the assets they own. Inequality in how food items are distributed across a
population, is a much better predictor of inequality in how assets are distributed across a
population, than the poverty dummy or ladder-type measures of poverty.
Figure 13: Association between ECI complexity score applied to household-food and the household-assets matrix

Compositional effects capture something fundamental about how a society works. We give
two short examples here of where compositional effects matter; these examples also help shed
some additional light on how the underlying mechanics of the ECI complexity score work. The
first example is whether a household lives in an urban area or not. The ECI complexity score
applied to the household-food matrix, is a much stronger predictor of whether a household
lives in an urban area or not, compared to their poverty status, or their diversity and PCA scores.
Complexity explains 34% of the variation in location, compared to 24% for PCA, 12% for
diversity and 8% for the poverty dummy. Our interpretation of this result is that people in urban
areas are more similar in their food consumption patterns (in compositional terms) than in their
poverty status. This similarity in the food patterns of urban households, leads the complexity
index to provide a strong signal on whether a household is urban or not. The same is true for
electricity. The ECI complexity score applied to the household-food matrix, is also a much
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stronger predictor of whether a household has access to electricity or not. The complexity
score explains 38% of the variation in access to electricity, compared to 26% for PCA, 13% for
diversity and 7% for the poverty dummy. This means that households that have electricity are
more similar in their food consumption patterns than they are in their income-poverty status.
These examples show that in some cases compositional effects matter more than level-based
effects and can outperform metrics such as PCA, which are widely used in socio-economic
analysis. While both types of measures are equally important in the study of poverty, we feel
that a greater focus on compositional-type measures would yield some very useful insights.
They would help us better analyze and understand the determinants of inequality in how
factors (such as assets or access to food) are distributed across entities (households or
locations) in the societies we live in.

Factors
The factor-based results, resulting from complexity analysis, make intuitive sense. In terms of
food items, we can see that the most “complex” items include alcoholic beverages (Thobwa,
Masese, Kachasu - all locally brewed alcohols), and meat products, including fish, chicken and
mutton. Some of these are food items that were purchased from a vendor and not cooked at
home (for example fish, boiled cassava, maize, chicken and meat). What the data tells us is that
in the Malawian context, these are the food items that are the most likely to be consumed by
wealthier households. They are likely to be co-consumed; households with the most diverse
food consumption levels, are likely to be consuming all of these different and non-ubiquitous
products.
The least “complex” items include basic food ingredients such as rice, flour, salt, beans and
vegetables (tomatoes, onions, tanaposi, and nkwani - which are pumpkin leaves). These are
the types of food products that are consumed by all households, both rich and poor.
Table 6. Top 10 most “complex” food items
Rank

Factor Description

Complexity
Score
1.136

1

Thobwa

2

Traditional beer (masese)

1.114

3

Other fruits (specify)

1.110

4

Fish (vendor)

1.082

5

Cassava - boiled (vendor)

1.080

6

Locally brewed liquor (kachasu)

1.068

7

Chicken (vendor)

1.060

8

Maize - boiled or roasted (vendor)

1.054

9

Mutton

1.025

10

Meat (vendor)

0.982
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Table 7. Top 10 least “complex” food items
Rank

Factor Description

1

Tomato

Complexity
Score
-3.511

2

Nkhwani

-2.478

3

Onion

-2.208

4

Dried fish

-2.203

5

Tanaposi

-2.118

6

Maize ufa refined (fine flour)

-2.047

7

Salt

-1.929

8

Rice

-1.687

9

Bean, brown

-1.660

10

Maize ufa mgaiwa (normal flour)

-1.624

The same holds true for the asset-based measure, which identifies televisions, multimedia
players, beds, refrigerators and electric or gas stoves as “complex” household items. These are
items that tend to only be owned by households that own many other things and tend to have
low levels of poverty. The least complex items include basic kitchen items (a pestle and mortar,
and a beer brewing drum), a bicycle, a lantern and a radio. These are the type of assets that
many households in Malawi will own.
Table 8. Top 5 most “complex” assets
Rank

Factor Description

Complexity Score

1

Television

1.074

2

Tape or CD/DVD player; HiFi

1.023

3

Bed

0.863

4

Refrigerator

0.831

5

Electric or gas stove; hot plate

0.828

Table 9. Top 5 least “complex” assets
Rank

Factor Description

Complexity Score

1

Mortar/pestle (mtondo)

-2.218

2

Bicycle

-2.001

3

Beer-brewing drum

-1.976

4

Lantern (paraffin)

-1.901

5

Radio ('wireless')

-1.054
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Conclusion
This paper has aimed to test and demonstrate the relevance of “nestedness” and complexityrelated methods in the study of major social and economic issues.
Using three real-world applications – namely the distribution of mortality causes across US
counties, the distribution of crime types by community in Chicago, and the distribution of food
items consumed by households in Malawi – we have shown that (i) the ecological concept of
‘nestedness’ is evident in socio-economic structures, particularly inequality, and (ii) we can use
complexity methods to increase our understanding of the nature of inequality.
We argue that the complexity method facilitates a more nuanced and multi-dimensional
understanding of socio-economic phenomena as compared to unidimensional measures or
methods such as principal component analysis. In addition, complexity techniques allow us to
cluster entities into groups that face a similar set of challenges, which in turn can be used for
predictive analysis, modelling and population segmentation.
Although we use the examples of mortality, crime and nutrition, we believe that the same
approach can be applied to understanding the underlying factors across various other social
and economic phenomena.
We hope this paper will encourage greater exploration of complexity methods as a tool of
analysis for other socio-economic phenomena, and that complexity can become a common
part of the toolbox of researchers and policy makers. Furthermore, we believe that the use of
complexity analysis can become a tool to help policy makers improve the prioritization, design
and targeting of policies, ultimately resulting in greater social impact at lower cost in our
already overstretched public systems.
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