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Abstract

Providing the educational community with the means to analyze the results of educational processes may help
pcorrect problematic situations, leading to a more successful education. Applying Data Mining to educational
information provides the tools to analyze such data. However, results comprehend an extensive set of behaviors
that consist of complex symbolic patterns. Visualization, due to its potential to display large quantities of data, may
overcome this limitation. Hence, using the results of educational data mining that had been applied to information
on courses in a university program, we developed a visualization that allows the analysis of such patterns. User
tests have shown that our visualization makes important patterns immediately perceivable and displays the most
relevant patterns, proving its potential for visualizing educational patterns.

Categories and Subject Descriptors (according to ACM CCS):

H.5.2 [Computer Graphics]: Information interfaces and presentation—User Interfaces

1. Introduction

The number of students has grown significantly over the last
decades [Gaol0]. Concerning online education, the profu-
sion of MOOC (Massive Open Online) courses contributed
to a growth in the number of students. CMS (Course Man-
agement Systems) and LMS (Learning Managament Sys-
tems) became popular as well, with a great impact on dis-
tance education [KRDK13]. With the growing number of
students in both traditional and online education, a large set
of data emerges from students’ curricula. This information
may be crucial to improve education processes. The appli-
cation of data mining techniques to educational data is an
emergent research topic. However, the resulting data nor-
mally consist of an extensive set of behaviors that are de-
scribed as textual patterns which are usually difficult to un-
derstand due to their visual complexity. Providing the tools
for allowing an easy and correct interpretation of the in-
formation is, thus, of utmost importance. In order to over-
come this obstacle and obtaining effective data analysis and
prospection, the user must be involved in the exploration
process in a way that combines flexibility and general knowl-
edge [Kei02]. Visualization has the potential to meet such
requirements. In fact, visualizing the results of educational
data mining techniques will make it possible to provide the
educational community with meaningful information, high-
lighting problems that would otherwise remain unnoticed,
allowing the community to find adequate solutions.
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The potential of visualization for displaying large quan-
tities of data while alleviating cognitive load [Warl2] has
been explored for displaying educational data, regarding on-
line [MDO05, MB07] and traditional education [XGHW 13,
XKP09, TRd12, WRO07]. However, given the nature of infor-
mation provided by applying data mining techniques to ed-
ucational information, the majority of such techniques show
several shortcomings, failing to allow course comparison or
pattern highlighting. As a result, we developed a visualiza-
tion which represents interrelations among a courses in an
academic program while attempting to address the afore-
mentioned shortcomings.

This paper is organized as follows: the next section
presents our visualization, followed by a brief description
of our evaluation in which several conclusions are drawn.

2. Visualizing Educational Patterns

We used the result of sequential pattern mining that had been
applied to data gathered for nine years on an undergradu-
ate study program on computer science [Ant08]. The goal
of sequential pattern mining, given a set of sequences and
some user-specified minimum support threshold, is to dis-
cover the sequences that exist in at least ¢ sequences in the
dataset [AS95]. Sequential pattern mining with three differ-
ent support threshold values (50%, 25% and 20%) has been
performed, resulting in a number of textual patterns.
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Figure 1: A multi-layered visualization for educational data mining patterns, revolving around course patterns’ representation.

We created an interactive visualization (Figure 1). The
main area consists of a multi-level visualization. Each level
corresponds to a program’s semester and represents its
courses that are displayed as circles with size proportional to
the number of students who completed or failed them. When
there is information on failure, course circles are sub-divided
into two semicircles displaying information on approval and
failure through western conventional positive-negative color
coding [War12]. Their size is proportional to course approval
or failure numbers, making it possible to immediately com-
paring success and failure rates. Moving the mouse over a
specific course circle highlights it (by assigning more satu-
ration to its hue) and displays information on course rela-
tionships. The course is linked to all the courses with which
it has any type of interrelation through line connectors. Con-
nector thickness is proportional to the number of students
who verify the pattern. Color is assigned to each pattern indi-
vidually, in order to avoid visual confusion and allowing im-
mediate line discrimination. We did not use fully saturated
colors, in order to keep our visual artifacts from compet-
ing for the user’s visual attention [Warl12]. When a course
is selected, additional information on the total number of
students is displayed on the additional course information
panel, located at the top of the visualization (which also dis-
plays three buttons (20%, 25% and 50%) for the selection of
different data mining support thresholds). The total number
of patterns is shown at the upmost part of the detailed course
patterns’ panel and each pattern is listed below. Our visu-
alization allows interactive course comparison. If we select
one course, it is locked and its information is shown through-
out the visualization (without being cleared when the mouse
leaves the circle). Moving the mouse to another course will
also display its information, making it possible to compare
patterns. With this combination of mechanisms we can im-
mediately perceive aspects such as the number of semesters

and the number of courses for each semester, as well as the
most successful or unsuccessful courses, leading to the use
of visualization for improving success rates.

3. Evaluation and Conclusions

We conducted a user study with 10 participants to evaluate
the effectiveness of our solution to represent data mining ed-
ucational patterns. Subjects were asked to perform five tasks,
consisting of naming: (i) the number of semesters, (ii) the
three most successful courses, (iii) the number of students
who completed a given course, (iv) which courses had a re-
lationship with a given course, and (v) the number of re-
lationships that two different given courses had with other
courses. Each task was performed three times, correspond-
ing to the different support thresholds, regarding different
courses. Time and errors were measured during task perfor-
mance and a SUS (System Usability Scale) [Bro96] satisfac-
tion questionnaire was handed at the end. Results suggested
users took longer to perform tasks as complexity increases.
We performed further statistical analysis to verify such im-
pact, showing that complexity did not have a significative
impact on either task performance time or number of er-
rors, suggesting that the system scales well for large amounts
of information. User satisfaction questionnaires yielded very
good results, showing that our visualization displays the in-
formation in a way which provides the educational commu-
nity with patterns that were not evident otherwise, providing
information on how to act to promote further success.
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