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Abstract –Faculties at post-secondary institutions have
employed systems to gather vast amounts of assessment
data with the ultimate goal of using the data to improve
the student learning experience. Unfortunately, the large
amount of data and complex relationships make it difficult
for instructors and administrators to interpret and enact
program and policy changes based on it. Worse yet, this
is still a nascent problem and there are few supports upon
which they may lean. Information Visualization (IV) is
one technique that has shown promise in facilitating the
extraction of meaningful information, and a tool that can
support a faculty’s extraction and application processes
would be highly beneficial.
This paper looks at the current work of IV in
education. We look at what applications these
visualizations are being used in, what considerations went
into designing them, and how they were evaluated. This
information will hopefully provide insight into how to
build visualizations for a variety of other educational
contexts.
Keywords: information visualization, education data
mining, learning outcomes assessment, assessment data

1. INTRODUCTION
In recent years, post-secondary faculties across a
variety of disciplines have spent considerable effort
building systems to collect assessment data with the goal
of helping improve the student experience [4]. However,
currently, using this data to guide program improvement
decisions at any level is inhibited by a lack of familiarity
among program coordinators and assessment practitioners
to extract actionable information effectively [2]. Data sets
of this magnitude and complexity are a new challenge that
require an entirely new skill set; resources for which are
still scarce.
Education Data Mining is an entire research field that
is dedicated to this pursuit of resolving research issues
stemming from large sets of data originating in an
education context [16]. There are many techniques in
development that are trying to solve this problem
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including ones taking advantage of inferential statistics,
machine-learning, and data-mining algorithms. Information Visualization (IV) is one approach that looks
especially promising for its ability to “take advantage of
the human eye’s broad bandwidth pathway into the mind
to allow users to see, explore, and understand large
amounts” of data (p. 604). As one review of the field
summarizes: “it is recognized that data mining algorithms
alone are not enough. Without expressive visualizations
and interfaces it is hard to achieve the necessary
flexibility to understand results, generate new hypotheses,
and test them on the fly in a natural interactive
environment” [6].
IV is a growing field in education. To gain a sense of
the state of the art currently, this paper surveys the
research work done to create tools and education designs
that utilize IV. Note that, visualizations can often be used
to help discover patterns and illustrate findings in many
research situations, as we commonly see with line graphs
and scatter plots in publications. This review however is
specifically looking at publications that are primarily
focused on visualizations in education, rather than the
larger body of work that may have utilized one or more
visualizations as part of their broader research interests.
This particular selection of papers provides insights into
visualizations that are larger in scope than an educational
research’s specific data-mining goals.
Since there has yet to be a comprehensive review of
the literature on the subject, this papers looks to identify
areas of education that IV is being utilized, as well as
successes and shortcomings that can be built on and
explored, respectively with future research. We have
looked at 12 papers, spanning 7 different tools and
visualization sets. The next section will the discuss the
visualizations’ purposes and intended end users, followed
by a section detailing the IV theories and design
considerations that were taken into account creating the
visualizations. Finally, we discuss the ways in which
visualizations have been evaluated and ways to iterate
positively.
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works on the user’s client and is independent of where or
on what platform the discussions take place.

2. USES AND USERS
There are a wide variety of uses for visualizations in
education. For the purposes of this paper, we are going to
group them by where the data they are visualizing
originate. These groups are Course management systems
(CMS), intelligent tutoring systems and interactive
learning environments, and finally program curricula and
learning outcomes.

2.1. Course Management Systems
Course management systems like WebCT, Moodle,
and Desire2Learn are now almost ubiquitous among postsecondary institutions to disseminate course material,
provide assessments, and foster class discussion. This is
especially important for courses offered through distance
learning. CourseVis is a tool built as an add-in for
WebCT to counter the high drop-out rates, students’
feeling of isolation, lack of motivation, and difficulties
with finding support from tutors and peers found in
distance learning [12]. The tool provides a number of
visualizations that allow for monitoring of CMS
discussion, student progress, CMS materials access
frequency, and general student behaviour on the CMS.
Here, the primary intended user is the instructors of the
course. The visualizations would help them provide real
time feedback about where to intervene as well as
summative feedback once the course is finished. A follow
up to the tool, GISMO [11], was built with much of same
functionality along with improvements. It was instead
built for the open source CMS, Moodle, allowing for
greater accessibility among users. This can still be
downloaded from the project’s page.
The Student Activity Visualization Tool groups
students by the activities they perform on online learning
platforms [7]. It uses k-means clustering, a common datamining algorithm that lends itself nicely to visualization.
The tool applies the technique to 6 different activity types
such including messaging activity and testing activity.
The tool’s visualizations can provide insight for
instructors running a course through the platform as well
as staff members managing the platform; giving them
information about what features of the platform are being
utilized and by whom.
SNAPP is a tool that uses data from online discussion
forums, often found within CMSs, to create a sociogram
[1]. This can provide instructors with real-time interaction
patterns between students like identifying isolated and
highly interactive participants; indicating an instructor’s
role as central or peripheral to the network; monitoring
network evolution and discussion continuity; and more.
Identification of these patterns can be used as a way to
evaluate the impact of an intervention on student
engagement. An additional benefit of the tool is that it
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2.2. Intelligent Tutoring Systems
Intelligent tutoring systems are an increasingly popular
software tutors with which students interact. What makes
them ‘intelligent’ is their ability to personalize the
tutoring technique of the course material based on the
students’ prior performance. They do this by storing a
representation of the student, referred to as a student
model, that they base their tutoring decisions on [22].
ViSMod (Visualization of Bayesian Student Model) is a
tool that externalizes this student model in the form of an
interactive visualization [21]. The paper suggests that by
letting students understand, explore, inspect, and modify
their Bayesian models, it empowers them to take more
control of their learning. Additionally, teachers can
compare student models to see where students are
struggling and excelling.
There are more intricate interactive environments that
are specialized to teach such subjects as first-order logic
and physics; where students can interact with a multilevel problem inputting their answer through many steps.
The tool InVis, capitalizes on this extra information by
creating interactive visualizations of the pathways that
students take to a correct or incorrect solution [8]. The
visualization uses the aggregate student solutions to
provide insight as to what steps might be causing the most
trouble in the class as well as pointing out where
struggling students are getting stuck. In this case, the tool
is meant primarily for the instructor of the course.
One study proposed three novel visualizations as a way
of externalizing group activity and interaction [9]. The
visualizations rely on log data that track each member’s
contribution to the project as well as team correspondence
and delegation. From the resulting visualizations, the
authors were able to gain insight into a number of group
dynamics. With the visualizations, through just one
snapshot, students inside and instructors outside the group
are able to determine if a team is functioning in an
effective manner. Mirroring this information either back
to the team or a supervisor allows them to take action
accordingly.

2.3. Program Curricula and Learning Outcomes
Not all data has to be acquired from entirely digital
mediums. With the increasing use of learning outcomes
assessment among institutions, the sheer volume of details
to manage a degree program has become extremely
unwieldy and complex. Program coordinators can find
themselves lost trying to gain a sense of how their courses
build to their program outcomes [20]. Vaitsis, Nilsson,
and Nary [19] created visualizations to map the teaching
methods of a course in a medical school degree program
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to its expected learning outcomes. They use a subset of IV
called Visual Analytics, that combines the visualisations
with data analysis to give more detailed summary of the
data. The authors also created a visualisation that used
student data from a particular exam in conjunction with
the curriculum data to give a more granular picture of
which learning outcomes for a course were being
achieved and which were not. In this case, the authors
were program coordinators themselves and were primarily
trying to create visualizations for their own purposes due
to the lack of appropriate tools currently available.
One aspect that does become apparent when looking at
these papers together, is that the majority of them are only
useful once you, as an instructor or program coordinator,
have already committed to the system it is built into or the
educational theory that it is based on. If you either use a
different LMS/CMS or map your teaching in a different
way, the available resources have little immediate value.

3. VISUALIZATION DESIGN PROCESS
Once a researcher has a clear idea of what data-mining
problems they want to resolve, they then have to create
visualizations that will provide adequate enough insight
with which a user can make informed decisions for
improvement in learning. Given the now wide range of
visualization options from the standard line and
scatterplots to tree graphs and heat maps and even
completely novel ones, the question does not so much
become how to visualize data, but how best to visualize
your data. There are a number of authors in the IV field
that provide advice on how to choose or create a
visualization to best suit the goal’s needs. For example,
Börner and Polly [5] operationalized the process of
visualization creation in their version of a workflow to
build one for almost any scenario, starting with the
stakeholder needs and making decisions based on the type
of data (ie. categorical, ordinal, numerical). In this section
we look at how each of the visualization projects, of the
ones that reported it, arrived at their design.
InVis [8] designed their visualizations by heavily
relying on the visual information seeking mantra from
Schneiderman [17]. The main message of the mantra is
boiled into three statements: overview first, zoom and
filter, details-on-demand. Schneiderman also provides
advice on how to handle different data types based on his
taxonomy. The InVis team also discusses in detail how,
where, and why they put the mantra to work on their
visualizations in good detail, which can be useful for
others looking to do similar work.
The team behind CourseVis [12] and GISMO [11] do
not specify a guideline or workflow that they followed,
but based on their descriptions, their visualizations
seemed to originate in the data that is the pillar of the
data-mining requirements. Their goal seems to be to
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display as much information in a single view as possible,
even using multiple stacked data using multiple y-axis for
the same x-axis in a temporal plot. This maximizes the
information available in an overview snapshot. The tool
still does allow for filtering and zooming, but the
overview seems to be where they think there is the most
value since it what they provide as demonstration.
While Vaitsis et al. [20] unfortunately do not provide
much detail about their design decisions regarding their
final visualizations, they do describe why they chose to
use visual analytics. Largely, it boiled down to the data
being so complex that the extra information provided by
the data analysis overlayed on the visualizations were
required to adequately fit their needs.
Additionally, one theme that was common among
many of the projects was interactivity. The teams behind
CourseVis [12], InVis [8], ViSMod [22] all mention the
interactivity as a key requirement and/or benefit of their
visualizations to be successful at their respective tasks.
This added feature allows for visualizations to be dense
with information while remaining clean and uncluttered.
Interactivity allows users to zoom in and out of rich areas,
clicking on aspects of the visualization which highlight
features or provide more information.
Each paper does detail their own technical
configurations, in which there are a variety of
visualization software tools and packages that are used by
each of the authors. However, there lacked enough
commonality to seem worth reporting on what software
was used. Vaitsis et al. even reported that there was no
clear choice for software and so had to conduct their own
survey of options to find which worked best for their
specific needs [20].

4. EVALUATION AND EXCELLENCE
An obviously important aspect when building these
visualizations is evaluating their effectiveness in doing
what they were intended to: providing insight on the
learning from the data. Few of the papers that we were
looked at discuss how the visualizations were evaluated
once they were created. Of the ones that do, the
visualizations are evaluated in two major categories of
metrics: their usability and their usefulness. This
distinction however isn’t mentioned in most of the papers
and only becomes apparent when looking at them
together. The usability refers to the design aspects of the
visualization and how much information can be
interpreted from the visualization. While usefulness refers
to how much that extracted information can actually be
used to towards its intended purpose and how accurate
that is to the real world. Unfortunately, only half of the
studies we looked at published any material about
conducting evaluations on their visualizations.
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4.1 Usability
To promote usability, there is a substantial wealth of
literature in information visualization that provide design
principles, guidelines, and workflows to follow in order to
maximize the amount of data extracted. Although, recent
advances in computational power have increased the
complexity of visualizations, the theory for the field has
been in development for much longer. Bertin [3] showed
that there were three main aims behind how one chose to
represent data, moving from high to low-level acts of
graphical interpretation. Each aim provided a guide as to
which data and how much data can be presented
effectively at once. Tufte [18] discusses the key aspects
that one must worry about to promote ‘graphical
excellence’. MacKinlay [10] provides rankings for the
effectiveness of different visual variables based on the
kind of data being visualized. Additionally, there are even
tests that have been created [15] to measure these
technical aspects of a visualization. As such, there is a lot
of foundational work with which to build visualizations
on to promote its usability.
With CourseVis, the team conducted a study with 6
instructors, giving them the tool with data from a mock
course and asking them to see whether they can gain any
insight into the classroom [12]. The InVis team performed
a similar study, providing 15 participants with mock
visualizations and asking them to answer a set of
questions which asked them discern certain details about
the class from the visualizations [8]. Both studies
included a qualitative portion that let the users provide
more open feedback. The ViSMod team used this
approach as well and asked participants to interact with
their visualizations, change the settings, and provide
feedback about what they thought worked best [22]. All
studies used the feedback to iterate the designs of their
visualization tools to make them more readable and userfriendly.

4.2 Usefulness
Usefulness is harder concept to promote and evaluate.
No standard practices exist to ensure that your
visualization is going to be useful. This is an intrinsic
problem to the field since the measure of usefulness is
going to be entirely unique to the data-mining goals of the
visualization end users. Additionally, the visualizations
can only show what information that can be extracted
from the data. Understanding the root of the problem, or
steps to fix it would involve inference and assumptions on
the part of the end user. One way to partially deal with
this is by designing your visualizations around the end
user needs. By first scoping out what problems the data is
being used to solve, the visualizations can be designed
such that solutions to those problems would arise from the
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end result. That way, evaluations can be run with these
participants after to test whether the visualizations meet
the participant’s originally imagined standards.
For CourseVis, the CMS tool, the team conducted a
survey with distance learning instructors to find out what
information the instructors would need to conduct their
online learning activities [13]. After creating the tool, they
then ran a focus group and semi-structured interviews to
see whether instructors found any value in the
visualizations that the tool provided [12], [14]. The team
behind VisMod performed similar studies to understand
their requirements, although provide less detail about their
process or results [22]. By contrast, in the case with some
visualizations, the measure of usefulness does not require
a separate study. Through their efforts to visually map the
learning outcomes of their medical program to course
assignments, Vaitsis et al. discovered there were gaps in
their expected learning outcomes [20]. As such,
sometimes visualizations can provide immediate insight
into your system, without much need for inference or
assumption.
Additionally, the team behind VisMod shows another
interesting approach to gaining an understanding of the
usefulness of a visualization. Using an exploratory
approach, they tested their software with a fairly large
sample of students (N = 110) [22]. They were able to find
novel ways in which mirroring their student model
visualization to the student had an effect on their learning.
The generalizability of the findings might be limited, but
conducting such studies gives the team an opportunity to
find the strengths in their approach and iteratively
capitalize on them to create a more robust tool.
When trying to use visualizations to monitor student
behaviour, an important aspect with looking at usefulness
is that the inferences made from the visualizations are an
accurate portrayal of what is happening with the students.
This process to test the accuracy of inferences is likely a
much more intensive task, which might be the reason that
it is an aspect that we did not see reported almost at all.
Kay et al. [9], in their study of externalizing group
behaviours, give us some insight into what that process
might look like. In addition to the visualizations they
created and tested, the authors also had the students fill
out surveys about their thoughts on how the group
functioned. These responses were compared against the
information inferred from the visualizations by the
instructor and researchers. Kay does caution that this kind
of information should not be used to compare students to
a normative scale, but should instead be used primarily to
identify possible problem areas that would prompt a
possibly more involved intervention.

5. CONCLUSION
Only a few of these visualization efforts have so far
completed and documented the full process of acquiring
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requirements, systematically designing visualizations, and
then evaluating their merit. These gaps in the literature
leaves the researchers looking to take advantage of these
studies with missing puzzle pieces of how to proceed with
their own IV endeavours. A large number of the papers
that were reviewed in this paper were either reports or
from journal proceedings, and as such it is possible that
the authors of the respective papers addressed some of
these shortfalls in their study but failed to mention it in
the reporting.
Still, the variety in applications for information
visualization and successes so far make it a promising
field to look to for support in an educational world where
data is becoming increasingly available and brimming
with underutilized potential.
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