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The Khan Academy platform enables powerful on-line courses in which students can watch videos, solve
exercises, or earn badges. This platform provides an advanced learning analytics module with useful visu-
alizations. Nevertheless, it can be improved. In this paper, we describe ALAS-KA, which provides an
extension of the learning analytics support for the Khan Academy platform. We herein present an over-
view of the architecture of ALAS-KA. In addition, we report the different types of visualizations and infor-
mation provided by ALAS-KA, which have not been available previously in the Khan Academy platform.
ALAS-KA includes new visualizations for the entire class and also for individual students. Individual visu-
alizations can be used to check on the learning styles of students based on all the indicators available.
ALAS-KA visualizations help teachers and students to make decisions in the learning process. The paper
presents some guidelines and examples to help teachers make these decisions based on data from under-
graduate courses, where ALAS-KA was installed. These courses (physics, chemistry, and mathematics) for
freshmen were developed at Universidad Carlos III de Madrid (UC3M) and were taken by more than 300
students.

� 2014 Elsevier Ltd. All rights reserved.
1. Introduction

Education is being boosted by new tendencies to improve the
learning process, and learning analytics is one of the most promis-
ing tools. Although there is a debate about the definition of learn-
ing analytics, we consider the learning analytics term in a broad
sense as introduced in the call for papers of the 1st LAK confer-
ence1: ‘‘Learning analytics is the measurement, collection, analysis
and reporting of data about learners and their contexts, for purposes
of understanding and optimizing learning and the environments in
which it occurs.’’

There are two main approaches for making decisions based on
learning analytics techniques. On the one hand, work on visual
analytics (Duval, 2010; Leony, Pardo, de la Fuente, Sanchez, &
Delgado, 2012; Mazza & Dimitrova, 2004; Schmitz et al., 2009)
aims at providing students with visualizations for self-reflection
and at providing teachers with visual information so that they
can interpret and make decisions taking into account the
educational context. Therefore, teachers and students make final
decisions with the help of the visual information. On the other
hand, other works (Chen & Persen, 2009; D’Mello, Lehman, &
Graesser, 2011; Ya Tang & McCalla, 2005; Özyurt, Özyurt, Baki, &
Güven, 2013) aim to implement automatic actuators, such as rec-
ommenders or adaptive systems, which take into account different
variables related to the learning process to carry out their actions.
These automatic actuators do not require teacher or student inter-
vention but are usually restricted to specific indicators (while
visual analytics usually cover a wider range of possibilities); how-
ever, they might make more errors in their decisions than live
people.

The use of MOOCs (Massive Online Open Courses) is emerging
as a new paradigm. In this context, the use of learning analytics
becomes more necessary because it requires instructors to analyze
and to interpret students’ learning processes on a large scale (thou-
sands of students in a course). Tools that provide insights about
this learning process are required because a teacher cannot take
care of so many students in detail in an efficient way without tech-
nological help.

The Khan Academy2 platform is one of the pioneer systems for
running MOOCs. The Khan Academy system provides an advanced

http://crossmark.crossref.org/dialog/?doi=10.1016/j.chb.2014.07.002&domain=pdf
http://dx.doi.org/10.1016/j.chb.2014.07.002
mailto:jruipere@it.uc3m.es
https://tekri.athabascau.ca/analytics/
http://www.khanacademy.org
http://dx.doi.org/10.1016/j.chb.2014.07.002
http://www.sciencedirect.com/science/journal/07475632
http://www.elsevier.com/locate/comphumbeh


140 J.A. Ruipérez-Valiente et al. / Computers in Human Behavior 47 (2015) 139–148
learning analytics support (considering the previously introduced
broad definition of learning analytics). Some of the included features
are related to the skill progress, the exercise report, or the student
activity report. Even though the Khan Academy system offers this
analytical support through several visualizations, some interesting
information is not included in its module. Therefore, an extension
is required to achieve the goal of including this additional
information.

In this paper, we present our implemented ALAS-KA module
(Add-on of the Learning Analytics support of the Khan Academy)
as a contribution to the visual analytics area, and specifically make
the following contributions:

� We provide an overview of the implemented architecture of
ALAS-KA for extending the Khan Academy learning analytics
support (Section 4). This architecture enables teachers to pro-
cess the huge amount of educational low level data (in the form
of events) and to obtain higher level learning information that
can be presented in the form of visualizations and
recommendations.
� We describe new types of visualizations that were not previ-

ously present in the Khan Academy platform with new types
of information (Section 5). On the one hand, these types of visu-
alizations are novel because other visual analytics works have
usually focused on direct indicators (such as number of acces-
ses, number of posts, and correct number of exercises) but these
visualizations show information about complex processes (e.g.
taking into account pedagogical aspects such as for unthought-
ful users, hint abusers, and affective information). On the other
hand, the new visualizations imply an advancement with
respect to the previously supported Khan Academy
functionality.
� We give an analysis about how ALAS-KA visualizations can be

used for making decisions about the learning process (Section 6),
illustrating with different examples with real student data from
pre-graduate courses at UC3M with more than 300 students.
The ALAS-KA visualizations can give teachers a general view
of different useful indicators of their classes so that they can
make proper corrections, enable students’ self-reflection, or
use a user model’s automatic definition based on learning styles
and emotions.

2. Related work

2.1. Learning analytics

Learning analytics can be seen as a particular case of the Big
Data phenomenon in the e-learning scenario (Duval & Verbert,
2012), it aims to combine historical and current user data to pro-
vide useful information in each moment (Elias, 2011). Following
the visual analytics paradigm, several systems incorporate visuali-
zation tools, including: CAMERA (Schmitz et al., 2009), which
enables social network visualizations; GLASS (Leony et al., 2012),
which shows the most used events by students; CourseVis
(Mazza & Dimitrova, 2004), which is integrated in the on-line Web-
CT platform; or other works applied in Moodle, such as Moodog
(Zhang & Almeroth, 2010), which tries to make an analysis of some
interactions in a course through visualizations, or the application
of visual analytics techniques to logs using tag clouds (García-
Peñalvo, Conde, Bravo, Gómez, & Therón, 2011). The work in
(Duval, 2010) shows several learning dashboards and recom-
mender examples. Furthermore, they do a comparison between
educational and non-educational user tracking environments
(Duval, 2010).

There are also many recommender educational systems. These
tools are focused on providing feedback related to some elements
of the learning process (i.e. what video should be seen next or what
forum post could be useful). In this direction, there are tools that
assist the learning process with forum posts that might be helpful
for students, or messages which might benefit current students
based on former learners’ knowledge (Chen & Persen, 2009). There
are also several other recommendation tools that help people by
offering resources and papers that could be of interest to them
(e.g. Recker, Walker, & Lawless, 2003; Ya Tang & McCalla, 2005).

Although the Khan Academy platform already provides power-
ful learning analytics visualizations (e.g. for knowing the students’
progress in different skills or the students’ last activity in the dif-
ferent resources), there is room for improvement. One example
of the new analysis of learning processes provided by ALAS-KA is
the analysis and visualizations of affective states. This issue has
been approached from several perspectives, ranging from the use
of physical sensors (Arroyo et al., 2009) to the probabilistic analysis
based on the student actions (Baker, D’Mello, Rodrigo, & Graesser,
2010; Conati & Maclaren, 2009). Intelligent tutors are among the
tools with the most use of emotional information. For instance,
AutoTutor uses natural language processing to detect the affective
state of the learner and respond accordingly (D’Mello, Lehman, &
Graesser, 2011). Other categories of tools that have taken advan-
tage of affective information are educational games such as Prime
Climb (Conati & MacLaren, 2009) and immersive environments,
with Crystal Island as an example (Robison, McQuiggan, & Lester,
2009). In our case, a MOOC framework (within Khan Academy) is
used for the calculation and visualization of affective states.

The work presented in this article is also related to the concept
of learning styles. The ALAS-KA module gives (among other things)
individual visualizations with personal learner values for different
user features, which can define a learner model as a combination of
different indicator values. Felder and Silverman (1988) initially
elaborated in detail upon the concept of learning styles. Learning
styles are one of the individual traits considered to be part of the
user model in adaptive educational systems (Brusilovsky &
Millán, 2007; Graf, Liu, Chen, & Yang, 2009); this can be also
observed in more recent developments of adaptive educational
environments (Özyurt et al., 2013). Researchers have recently
studied the analysis of the relation of learning styles to cognitive
load during an activity to learn programming (Abdul-Rahman &
du Boulay, 2014).

2.2. Learning analytics support in the Khan Academy platform

The Khan Academy platform has a powerful learning analytics
module. Khan Academy was one of the pioneer platforms to imple-
ment a great learning analytics support. The system allows people
to access a great amount of educational data, including most of the
low level events and users’ interactions during their learning paths.
In this way, all the required data is available for processing.

The learning analytics module has individual visualizations so
that students can access their own information. There are also
some global class visualizations that can only be accessed by teach-
ers. One example of individual visualizations allows users to access
their activities organized by time. With this feature, they are able
to see what resources they have been using each day or for differ-
ent intervals of time. Another type of individual visualization
allows students to know their time distribution for the different
skills or videos (shown as a percentage). Moreover, users can
access the option ‘‘Skill Progress’’ to check their progress status
in the different skills.

Fig. 1 shows one example of global visualization with two
screenshots. One screenshot contains visualizations of each stu-
dent, and another, visualizations of the entire class. The screenshot
on the left side of Fig. 1, which is called ‘‘Progress Report,’’ has as
rows the different students and as columns the different exercises



Fig. 1. Skill progress of a class in Khan Academy.
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in the course. For each pair of user/exercise, the color of the matrix
indicates if the student started the task, obtained proficiency, or
struggled. This is helpful to know for an overall class progress.
The screenshot on the right side of Fig. 1, which is called ‘‘Progress
Summary,’’ shows results according to each exercise and in this
order: the number of students who struggled in that exercise,
who did not do the task, who did the task correctly at least once,
and who obtained proficiency in this exercise. This allows the tea-
cher to keep track of the class progress in each exercise separately,
and also helps them to detect problems in certain skills.

Several of the learning analytics visualizations in the Khan
Academy system are the direct representation of events that are
stored in the Datastore but without further processing. Although
they are very useful for self-awareness and class tracking, much
more information can be inferred and processed.
3. Materials and methods

3.1. User interface design criteria

The design of the ALAS-KA application interface took into
account the following rules:

� Keep the interface as simple as possible. Teachers and learners
should not require a technical background to use the tool. The
site view should be easy as well as should be the provided visu-
alization charts.
� Use colors meaningfully. For example, one might use blue for

visualizations related to exercises, or different tones of the same
colors for different degrees in the results.
� Divide the user interface into different parts. The visualizations

are divided into comprehensive modules according to their
semantics.
� Use the same standards in the entire application.

3.2. Selection of indicators

There have been a lot of proposals of indicators to analyze the
learning process. Dyckhoff, Lukarov, Muslim, Chatti, and
Schroeder (2013) provided a collection of these indicators obtained
from different works that were presented in the literature. Our
selection of indicators was obtained with an in-depth analysis of
the literature using some existing indicators but adapted to our
context and also designing new ones. Some of the indicators used
in our work have been presented in different works such as the
number of resources accessed, the time spent in each resource or
the students’ gender. Others indicators such as hint abuse and hint
avoidance have been addressed previously (Aleven, McLaren, Roll,
& Koedinger, 2004), however the specific algorithms to infer these
parameters are adapted to Khan Academy context and are very dif-
ferent. Finally some of the indicators here exposed have not been
previously addressed as far as we know, for example forgetful or
unreflective user. Anyhow, all the indicators have been newly
developed and implemented by the authors of this work.

Details about our proposal of indicators grouped in 5 categories
can be seen in our previous work (Muñoz-Merino, Ruipérez, &
Delgado, 2013). In addition, we added an additional category about
emotions, which has been proposed in several other learning sys-
tems but has been adapted to the Khan Academy context. Details
of the calculation methods of many of these indicators from low
level data were explained in our previous work (Muñoz-Merino
et al., 2013) and also for the emotion indicators (Leony, Muñoz-
Merino, Ruipérez-Valiente, Arellano, & Delgado, 2014).

3.3. Description of the experience

The idea of the experience where ALAS-KA has been applied is
the use of Khan Academy as a tool for applying the ‘‘flipping the
classroom’’ methodology. The contents of the courses, which are
videos and exercises, cover the requirements of freshmen students
who are working on degrees in different science fields. The stu-
dents can interact with each other within the Khan Academy sys-
tem, classes that were previously face-to-face, which take place
in September each year.

This methodology has been applied to different courses. The
first experience was in a physics pre-graduate course in August
2012. Due to the success of this experience, it was applied to phys-
ics, chemistry, and mathematics courses in August 2013. The num-
ber of exercises and videos are different for each course, but most
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of the lessons include one video that has one or more associated
exercises.

3.3.1. Participants
The students who took these courses were undergraduate stu-

dents enrolled in a science degree. The age range of the majority
of students was from 17 to 19 years old. The number of students
was different for each course. There were 81 students in the
2012 physics class (n = 59 males, 22 females), 167 students in
the 2013 physics class (n = 121 males, 46 females), 73 students
in the 2013 chemistry class (n = 55 males, 18 females) and 243 stu-
dents in the mathematics class in 2013 (n = 153 males, 90 females).
Thus, we had a total of 564 student data samples from the different
courses. It is important to note that some of these students took
more than one of the courses in 2013, depending on their Bache-
lor’s degree requirements. Consequently, the number of unique
students who participated in this experience was 372.

The instructors of the different courses were experienced teach-
ers in each field. However only in the 2013 physics course did the
instructors have prior experience in developing video content and
know what exercises were available in the Khan Academy plat-
form. Consequently preparing an online course was an additional
handicap for the teachers who did not have experience. Finally,
in order to set up the Khan Academy platform and other technical
aspects, different employees from UC3M were required.

3.3.2. Data collection
When students interact in their learning process with the Khan

Academy platform, a lot of data is generated and stored in the Goo-
gle App Engine Datastore. The data generated belongs to the four
different courses that were explained in the previous section. There
are a wide variety of student actions that were captured by the
Khan Academy system. For example, each time a student attempted
to answer an exercise or watch a video, whenever a student earned
a badge, timestamps, and many other data types, these actions were
captured. We used transformations to turn this raw data into useful
information that can be used to improve the learning process.
4. Overview of the architecture of ALAS-KA

ALAS-KA has been designed as a plug-in for the Khan Academy
platform. Fig. 2 represents the implemented architecture with its
related elements. The Google App Engine (GAE) Datastore provides
storage for the Khan Academy platform data. Most of the events of
the user interactions during their learning paths are stored in the
Datastore as a ‘‘Model Class’’, which is the superclass for data
model definitions. Since we have designed our add-on to run in
the same GAE server as the Khan Academy, because of this Data-
store’s initial simplicity, we use it as well for data persistence.
We can make a distinction between Khan Academy data models
which are the data definitions existing in the default platform
and ALAS-KA data models which have been added into the system
to support the implementation of ALAS-KA.

The data processing module of ALAS-KA access Khan Academy
data models to extract the student information which is required
to make the processing of the indicators, while the ALAS-KA data
models are used to store and retrieve the results of the processing.
The data processing module is in charge of making the proper com-
putation to transform the different low level data from the Khan
Academy data models into higher level information that is stored
as ALAS-KA data models.

The Google Charts API3 was selected for the visualizations
because of its simplicity and the variety of its charts. This API only
3 https://developers.google.com/chart/?hl=en.
needs to load the JavaScript libraries to be ready for use and it is also
widely spread and tested. Another important matter is that charts
are rendered using HTML5/SVG. Therefore, this technology provides
cross-browser and cross-platform compatibility (e.g. with tablets or
smartphones). Google Charts only renders the graphics on the cli-
ent’s side and does not make any processing in the server’s side. In
our case, the data that was needed to build the visualizations are
requested through the ALAS-KA data models in the Datastore. Hence,
this required data could also be received from an external source
such as a web service.

Since the Khan Academy and ALAS-KA data models are differ-
ent, and modifications in the Khan Academy platform were not
made, there are no further problems in installing the ALAS-KA
add-on. We are working with a fixed version of Khan Academy,
so the Khan Academy data models do not change. Nonetheless,
the development can be made totally independent of the Khan
Academy system because ALAS-KA only needs Khan Academy data
models to work. In this way, an ETL (Extract, Transform, and Load)
process can be configured to extract the data needed from the
Khan Academy Datastore, transform it in order to be usable, and
finally load it into ALAS-KA Datastore. Using this configuration,
the Khan Academy platform and ALAS-KA could be running in dif-
ferent servers without any problems. Furthermore, the ‘‘Trans-
form’’ step could be adaptable as a middleware layer in case
there are changes in the Khan Academy data models.

Fig. 3 shows the data processing design. Cron jobs are scheduled
jobs to be executed several times per day to calculate the different
indicators used in the visualizations, as it is not feasible to do it in
real time because the processing is too consuming and users would
not receive the answer until after more than 30 s in some cases.
Each ‘‘Task’’ entity (a processing unit of the indicators for one stu-
dent) is added into its ‘‘Queue’’ entity. They are executed in the
same order in which they were added. The App Engine system han-
dles the ‘‘Queue’’ system executing ‘‘Task’’ entities in the back-
ground whenever possible. Thus, this feature helps the server not
to overload. Each ‘‘Task’’ entity gets the required information from
the Khan Academy data models and makes the custom processing
of the proposed measures. Once it is finished, the results are stored
in the ALAS-KA data models. This method allows the system to
retrieve the information quickly when users are watching
visualizations.
5. Types of ALAS-KA visualization and information

We have included a total set of 21 different indicators which
have been implemented and integrated with ALAS-KA. Most of
the indicators can range from [0, 1] for each student. These indica-
tors help to identify students’ learning styles or enables teachers to
detect different class tendencies. These indicators are divided into
6 different modules and are shown in Table 1.

The visual analytics provided by ALAS-KA try to implement the
same types of graphs for each of the presented indicators where
possible. This decision facilitates a correct understanding, so once
the user comprehends one type of graphic, the others can be inter-
preted similarly. Nevertheless, because of the nature of some visu-
alizations, some graphics make sense only for a certain type of
indicators (e.g. the evolution of feelings during time makes sense,
but the evolution of hint abuse is not so interesting since we are
usually interested in the cumulative hint abuse profile until the
current time). In addition, the units in the different charts in most
cases are expressed in percentages from 0 to 100, where possible.
The use of the same units allows for an easy interpretation in most
cases. For each one of the indicators in Table 1, there are individual
and class graphics which have been implemented and are inte-
grated with ALAS-KA. We have included in Section 6 some exam-

https://developers.google.com/chart/?hl=en


Fig. 2. Interaction diagram of the system architecture.

Fig. 3. Diagram for the data processing design.
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ples of individual and class visualizations that have been directly
retrieved from ALAS-KA (Sections 6.1.4, 6.2.1–6.2.3). In addition
there are some visualizations (Sections 6.1.1–6.1.3 and Sec-
tion 6.2.4) exposed in Section 6 which use the data provided by
ALAS-KA but have not been integrated with ALAS-KA yet, but we
plan to do it. We have introduced these visualizations in order to
illustrate ideas of how to use the data that ALAS-KA provides.

Class visualizations are meant to be a guide of the overall status
of a class or for a set of students. The main chart type for class visu-
alizations used in ALAS-KA has been pie charts. All of the previ-
ously presented indicators have a corresponding pie char.
Although we are aware that pie charts are regarded as a controver-
sial decision, they accomplish their goal, which is to provide an
overview of the class that can be easily interpreted. The number
of options in pie visualizations is always less than five. This is a
good premise to use pie charts, which are seen as unsuitable for
a large number of options due to slice differentiation. Pie charts
are also regarded as worse than bar charts for comparison; how-
ever, in this work, we are not trying to compare the number of stu-
dents in each category, but to present an overview by showing the
percentage of students in each category. Some authors have
defended the use of pie charts for this purpose (Spence &
Lewandowsky, 1991).

ALAS-KA also enables in-depth visualizations for each student.
The graphics that are mainly used in ALAS-KA for individual visu-
alization are bar charts. For each one of the presented indicators,
there is one bar chart. Moreover, each type of indicator has a com-
parative bar, which is the mean of the class for that indicator. The
mean is calculated taking into account all students who have
logged in at least once to the Khan Academy course. The class mean
comparison enables comparisons among each student with the
rest of the class.
6. Results and discussion

This section is devoted to explaining how the ALAS-KA module
can be used for understanding the learning process and making
decisions in the Khan Academy platform using visualizations. The
next two sub-sections offer some visualization examples from
the real experience presented in Section 3.3. We divide the follow-
ing discussion into two parts. First, we discuss the class results,
where teachers can access visualizations of several students and
the entire class in order to offer possible interpretations. The sec-
ond part focuses on analyzing individual student examples where
different students can be compared and analyzed in ALAS-KA.
6.1. Class visualizations

Class visualizations show how students have different tenden-
cies in their learning and also the overall status of an entire class.
These examples use data from ALAS-KA and combine not only
information of one indicator but of several of them (Sections
6.1.1–6.1.3). The example in Section 6.1.4 involves only one
indicator.



Table 1
Brief overview of the different modules and indicators in ALAS-KA.

Module Indicator

Total use of the platform Different exercises and videos accessed: A percentage of the number of different types of exercises and videos accessed
Exercises with at least 1 correct: A percentage of the number of different types of exercises that have been solved correctly at
least once
Exercise and Video abandon: A percentage of the number of exercises and videos that that have been abandoned by the user
Exercise over video focus: Insight about a student who focuses his or her learning more on watching videos or on doing exercises
Optional elements: A percentage of how many optional elements a student has used

Correct progress on the platform Exercise correct progress: A student’s level of progress for doing exercises correctly
Solving exercises efficiency: The student’s efficiency when solving exercises
Video correct progress: The student’s progress on watching videos
Video efficiency: The student’s efficiency when watching videos

Time distribution of the use of the
platform

Time schedule: The time intervals (morning, afternoon and night) when students watch their videos and solve exercises
Exercise efficiency by schedule: The efficiency solving exercises in each time interval from the Time schedule indicator
Constancy: The student constancy by calculating the sample mean and variance of the time spent on the platform by the
student each day

Gamification habits Gamification motivation: measurement of the student’s interest in earning badges
Badge points percentage: The percentage of points that have been earned from winning badges

Exercise solving habits Recommendation listener: An indication of the student’s following the recommended path specified by the course instructors
Forgetful in exercises: Analysis of students’ memory of having already solved a parametric exercise correctly, including their
failure to solve it later
Hint avoidance: Hint avoiders are those who cannot solve an exercise correctly but yet do not ask for hints
Hint abuse: Hint abusers are those who ask for too many hints without reflecting on previous hints or on the exercise statement
Video avoidance: Video avoiders are those who cannot solve an exercise correctly and yet do not watch the related video
Unreflective user: Unreflective students are those who submit answers too fast without reflecting

Affective state Level of emotions: The emotions analyzed in this indicator set are happiness, frustration, confusion, and boredom
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6.1.1. Persistence
The first example gives insight into the students’ persistence on

watching videos. Fig. 4 presents a visualization that shows the stu-
dents’ video abandon rate. In the X-axis, the different users are rep-
resented. In the Y-axis, the number of videos for each user is
provided. A green circle represents the number of videos that have
been accessed by a user. A blue circle represents the number of
these videos that have been finished by that user. These two points
can be compared to deduce a ‘‘video abandoner’’ profile. Larger
lines represent users that started lots of videos but did not end
many of them while shorter lines represent users who are more
persistent in finishing videos. An extreme case is, for example, user
Fig. 4. Persistence indicator in videos. Started videos (green) and finished videos
(blue). (For interpretation of the references to color in this figure legend, the reader
is referred to the web version of this article.)
number 30, who started to watch all videos but did not end any of
them. On the contrary, we can find users with only one green point,
which means that the student ended all the videos that he started.
Examples of this type of users are numbered 2–6 in Fig. 4. With
these types of figures, teachers can have a global overview of their
students’ persistence.

As an example of an easy condition to configure the recom-
mender module for non-persistent users, a rule might be to check
the ratio between the number of videos started and the number
finished. If this ratio is lower than a chosen threshold (e.g. 0.4),
the system will send a warning to advise the student to focus more
on the resources before attempting new ones.

An important issue is that the same visualization information
can have different interpretations. For example, in the case of a stu-
dent who starts a lot of videos but does not end most of them, this
might be because the student is struggling or because the student
already knows the concepts explained in the videos. The final
interpretation and recommendation should depend on other vari-
ables such as if the student already knows how to solve the related
exercises. In some cases, it is not possible to determine the exact
causes of some information visualizations. ALAS-KA provides the
graphs to help teachers and students, but the stakeholders should
make the decisions depending on the context and the specific
learner.
6.1.2. Overview of affective states
This example is based on the inference of the students’ affective

states from the activity patterns generated in the platform. For
instance, using algorithms that we have developed and imple-
mented (Leony et al., 2014) we can infer the levels of happiness,
boredom, confusion and frustration for each student in the class-
room. Afterwards, these measurements can be aggregated in order
to show an overview of each state for the whole classroom. Fig. 5
provides an illustration of this example.

In the example, affective states that correlate positively with
learning gains are colored green, while red-colored states have
been shown to correlate negatively with learning gains (Baker,
D’Mello, Rodrigo, & Graesser, 2010).



Fig. 5. Visualization of the affective states for the class group.

Fig. 6. Total time distribution for each user: Exercise time (blue) and video time
(green). (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)
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6.1.3. Resource focus
Fig. 6 presents the information of learners’ time distribution for

videos and exercises. Blue bars represent the time devoted by users
to solving exercises. The green bars represent the time devoted by
users to watching videos. An example of different behaviors can be
observed in users 16 and 17. The first one has spent much more
time watching videos while the second has focused the learning
on resolving exercises.
Fig. 7. ‘‘Exercise and Video Correct
Regarding recommendations, communications might be sent to
teachers advising them about students who are focused on videos
or exercises. In this way, a teacher can make an analysis and act
properly depending on the specific educational context. As an
example, students who devote greater time to solving exercises
might be more active learners in some situations.

6.1.4. Resource progress
Next measures are related to the progress in exercises and vid-

eos. Fig. 7 includes two pie charts that represent class visualiza-
tions obtained from all the students of a particular course, so the
information transmitted is an overview of how the class is doing
in a specific area.

Fig. 7 shows class visualizations of progress. On the left is ‘‘Exer-
cise Correct Progress’’ visualization and on the right, ‘‘Video Correct
Progress.’’ These visualizations show the overall progress in exer-
cises and videos in the different degrees of the color. The percent-
age shows the number of students that belong to each cluster. As
an example, we would say that 12% of the students of the class
have achieved ‘‘Very high progress’’ in the videos. These graphics
can be used to learn about how the class is progressing in the dif-
ferent resources of the course. There is a slight difference between
the two graphics since ‘‘Video Correct Progress’’ seems to be higher
than the ‘‘Exercise Correct Progress.’’ This could be explained by
the fact that achieving a proficient level in exercises can be
regarded as harder than just watching videos. Another hypothesis
could be that the exercises’ difficulty is too high for the students to
make adequate progress, thus this could help professors to know if
the class is progressing correctly or if they are having problems.

6.2. Individual visualizations

These graphics show for each type of indicator the value of the
user and the class mean value. Visualizations Sections 6.2.1–6.2.3
show in the darker color the user bar and in the lighter color the
class mean bar. There are also other types of individual visualiza-
tions such as for emotions (Section 6.2.4). However this type of
graph has been not integrated in ALAS-KA yet.

6.2.1. Total use of the platform
Here, we present some examples that were retrieved directly

from the ALAS-KA application. Fig. 8 shows a visualization example
of one user, as retrieved from ALAS-KA. First, the user has accessed
nearly 100% of the exercises and videos available in the course.
This indicates that the user is far above the mean value of the class
(which is around 38%), and that she or he is probably showing a
‘‘resource explorer’’ profile. Secondly we can check the abandon
ratios. The video abandon indicator shows a 0% abandon ratio in
videos, so all the videos that the user started (which is the 100%
of the videos) have been finished. However the exercise abandon
Progress’’ class visualizations.



Fig. 8. ‘‘Total Use of the Platform’’ user example.

Fig. 9. Comparison example between students of ‘‘Correct Progress in the Platform’’.
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indicator shows that around 60% of the exercises the student
started have been abandoned. These results show that although
the user has completely seen all the videos available in the course,
he or she is struggling in the exercises.

We can propose reasonable causes for these results but not
assure a certain cause. For example, the user might not be paying
enough attention to the videos and then, she or he cannot resolve
the exercises properly later. Maybe the user has a visual learner
tendency, and he or she prefers just to watch videos instead of
solving many exercises. Possible recommendations to such a stu-
dent would be to pay more attention to the videos or put a higher
effort into solving exercises. There are many possible interpreta-
tions, but before conveying suggestions, the teachers should also
take into account other indicators and variables. It might even
require that the student provide feedback for the teacher to know
what is going on.
Fig. 10. ‘‘Exercise Solving Habits’’ user example.
6.2.2. Correct progress in the platform
Fig. 9 shows the results of all of the indicators in the ‘‘Correct

Progress in the Platform’’ module for students A and B.
We can see that both students have similar ‘‘exercise’’ and

‘‘video correct progress’’ indicators, which means that both of them
have made the same progress. In addition, this progress is consid-
erably higher than the mean value of the class, thus they both have
done a great effort. However, if we check ‘‘solving exercises’’ and
‘‘video efficiency,’’ we notice that student A has a much higher effi-
ciency rate than has student B. The interpretation is that although
student A and B have the same progress, student A has been much
more efficient than has student B. This information would enable
the teacher to look further into student B, in case he or she is hav-
ing problems with the course contents. The teacher could also
check other indicators provided in ALAS-KA or make an interven-
tion by contacting the student.



Fig. 11. Line chart of the affective states of a learner, with annotations of relevant events.
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6.2.3. Exercise solving habits
Fig. 10 shows an example related to the ‘‘Exercise Solving Hab-

its’’ module.
We can see that the ‘‘hint’’ and ‘‘video avoidance’’ indicators are

low and that they are also below the class mean value. A teacher
might interpret this to mean that the user is not a hint or video
avoider, and, therefore, this student probably uses the different
resources available (videos and hints) in order to solve the
attempted exercises properly. However we can also see that ‘‘unre-
flective user’’ and ‘‘hint abuser’’ indicators are very high and above
the class mean. These two last indicators are probably related to
the student’s capacity to reflect. A possible interpretation is that
the student probably is not reflecting about how to solve exercises,
nor on the hints received. We could recommend the student make
more in-depth thinking about the errors and the hints.

Other recommendations might be provided based, for example,
on the hint abuse indicators. If a student is detected to be a hint
abuser, a teacher might recommend that the student change his
or her behavior (Aleven et al., 2004).
6.2.4. Variations in affective state
The last case consists of a chart that displays the variations in a

student’s affective states. Fig. 11 serves as an example, showing the
changes of two affective states: frustration in blue, and boredom in
red. This is an example of graph that is not present for all the indi-
cators but only for the emotions.

The example shows the variations for both affective states for a
period of six days. In cases where another event has been captured,
its description is added to the chart with a label. The example
includes two labels, one describing the introduction of a new con-
cept and another indicating the view of an introductory video. This
contextual information can be used to detect situations that mod-
ified the student’s affective state.
7. Conclusions

In this paper, we presented ALAS-KA, a visual analytics module
to extend the learning analytics support for the Khan Academy
platform. We presented the architecture of ALAS-KA as well as
the different types of visualizations allowed and the type of infor-
mation presented. We have also presented ways for teachers and
students to make use of these visualizations to make decisions
about the learning process. This is illustrated with some example
data from real courses at UC3M.

All the information included in ALAS-KA can be used by instruc-
tors for different purposes and for students’ self-reflection. This
information enables instructors to make decisions supported by
data related to many aspects that were not by default in the Khan
Academy platform (efficiency, behavioral, motivation, etc.). One
important piece of advice for teachers would be that they look into
all of the information available as a whole before jumping into con-
clusions because many of the visualized information are closely
related. In addition, some of these indicators have been addressed
already as bad or good for learning from previous research, so
instructors can support their decisions from other research works’
conclusions. It is also possible to analyze class tendencies that can
be useful to make a better course design or to make changes
depending on how the class is progressing. Furthermore, in a more
personal context, professors can learn a lot about how to motivate
students or the best ways to work with each student. Finally, all
the information could be used to cluster students in different
groups, for example to group similar students in practice hours.

Nevertheless, it is important to point out that all these ideas
should be analyzed separately in each context and that a general-
ization is difficult. The final learning decisions should be made by
the instructors, who should also take into account many other vari-
ables of the specific educational context. We are also preparing an
evaluation survey with students and professors to receive feedback
and improve the tool and indicators. For future work, we aim at
extending ALAS-KA in order to make specific automatic recom-
mendations based on other different context variables and on
experience from experiments where learning gains should be
measured.

In order to reuse some of the visualizations, the semantics of
each platform should be taken into account. For example, hint abu-
ser graphics would not make sense in a platform that does not sup-
port hints. Another interesting line of future work is to compare
the use of e-learning platforms between ‘‘digital natives’’ and
‘‘forced digital immigrants’’ because interesting differences might
arise.
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