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Abstract. There is sufficient evidence to show that allowing students
to see their own student model is an effective learning and metacog-
nitive strategy. Different tutors have different representations of these
open student models, all varying in complexity and detail. EER-Tutor
has a number of open student model representations available to the
student at any particular time. These include skill meters, kiviat graphs,
tag clouds, concept hierarchies, concept lists, and treemaps. Finding out
which representation best helps the student at their level of expertise is
a difficult task. Do they really understand the representation they are
looking at? This paper looks at a novel way of using eye gaze tracking
data to see if such data provides us with any clues as to how students
use these representations and if they understand them.
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1 Introduction

A student model is how an Intelligent Tutoring System (ITS) views a student,
or more precisely, views their domain knowledge. ITSs use this model to make
pedagogical decisions for each student. The student model is not visible to the
student. However, it has been shown that opening up the student model to the
student, so that they could view “what the system thinks of them” is conducive
to learning. In fact, the Open Student Model (OSM) plays quite a large role in
increasing their metacognitive skills, which in turn helps their long-term learning
[2, 11]. Opening up the student model means that ITS authors have to consider
how to best visualise this data so that the student can understand and make use
of it.

As research continues in this area, there are now several new visualisations
of the OSM, each giving different details, at different levels, and using differ-
ent representations. Skill meters [2, 11] have been used in a number of systems.
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Other types of OSMs include a tree structure [7, 11], and concept graphs [5].
Most of these models are dynamic; others can be interactive; such as the ne-
gotiable student model [15]. With so many proposed OSM representations, new
questions now exist, such as, “Do students actually understand these representa-
tions?”, “Can we tell which representations they find easier to understand than
others?”, or “Are certain representations better for certain populations? e.g.
novices versus experts?”. If we, as ITS authors, could get the answers to these
questions, we could 1) design better, more comprehensible representations, and
2) figure out which representations suit the particular student and guide them
towards viewing that one. In this paper, we make an attempt at answering some
of these questions for four of the representations contained in an ITS, namely
EER-Tutor, in the hope that these methods could then be used to test other
OSM representations.

Our method utilises eye (gaze) tracking in combination with test results to
see if the student actually understood the model they were presented. Gaze
tracking gives us an indication of where the student is looking and what they
are paying attention to, while trying to understand the problem and the model.
Gaze tracking has been used previously to find comparisons between novices and
experts; e.g. during Visual Flight Rules flight [6], during laparoscopic surgery [8],
working within a Learning Management System [14], while playing chess [3], and
within collaborative environments [9]. It has been found to be a good indicator
of the “Yes!” moments of delight while a student interacts with an ITS [13].
Gaze tracking data has also been used to supplement and change the underlying
student model [4, 10]. Bull, Cooke and Mabbott [1] found that students spend
more attention on certain OSM representations for a reason, and that develop-
ers must take visual gaze attention into account when creating and presenting
student models.

In this paper, we want to find out if gaze data gives us any information on how
difficult a student finds and understands an OSM representation. For this, we had
students viewing four different OSM representations and answering questions on
each, while eye gaze data was recorded for each student. We looked at the scores
of their answers and compared it to eye gaze data. We believe that if eye gaze
data gives us information on how much difficulty a student is having with a
particular model, we could, in time, incorporate eye gaze data to dynamically
inform the pedagogical module of each student’s experience with a certain OSM
representation. The score in that future case would be the knowledge score taken
from the student’s model. The tutor can then intervene and present them with
other options of OSM representations.

2 Design and Methodology

Seventeen participants took part in this study. They were all students who be-
longed to a second-year database course at the University of Canterbury. Each
participant was given a NZ$20 voucher on completion of the study. The ITS
chosen for this study was EER-Tutor [12] and the study was conducted using
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a Tobii TX3003 (300Hz) eyetracker. Each participant took part in the study
separately.

Fig. 1. Gazeplot for the kiviat and concept tag graphs

EER-Tutor is a standard tutor that students use in the lab sessions of this
course; the lab sessions occur after the relevant lectures on the topic at hand.
All participants had logged into EER-Tutor once during the first EER lab and
completed the pretest. The version used in the course was similar in all respects
to that used in the study, except that it only had one OSM representation: the
skill meter.

Each participant took approximately an hour to complete the study. After the
initial formalities of the study (information, consent form, etc.), each participant
was asked to spend twenty minutes on the evaluation version of EER-Tutor. This
version had all four OSM representations: kiviat chart; concept tags; concept
hierarchy; and treemap. Participants were instructed to try solving problems,
but to mainly focus on understanding each of the representations. During these
twenty minutes, there were no restrictions put on the participants; they could
solve as many or as few problems as they wished, as long as they focused on
understanding the OSM representations.

After the twenty minute session, the participants were automatically redi-
rected to a web survey that we created, where they were asked questions about
each of the OSM representations. To keep the eye gaze data clean and separated,
all questions relating to a particular OSM representation were on the same page;
the eyetracker generated new eye gaze plots for each page. Each page had a dif-
ferent representation of a pre-made model; all participants received the same
pre-made OSMs. There were three questions directly related to each OSM and
the understanding of the OSM in terms of the domain. As an example of a ques-
tion, participants were asked to view an OSM and answer how much the student

3 http://www.tobii.com/en/eye-tracking-research/global/products/hardware/tobii-
tx300-eye-tracker
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Fig. 2. Gazeplot for the treemap and the concept hierarchy

(represented by the OSM) had learnt and covered for a particular concept. Each
question then could be given a score and participants were marked accordingly.
At the end of the questionnaire there were two unmarked questions where partic-
ipants could: 1) give general feedback and 2) rank their preference of the OSMs
in the context of learning. Once a participant moved on from a page, they could
not go back and change their answers. Participants were allowed to see their
gaze data after completion of the evaluation study.

We have included cropped figures to show examples of the gazeplots from one
question for one participant for each of the OSMs; Fig. 1 for the kiviat graph
and the tag clouds, Fig. 2 for the concept hierarchy, and the treemap. Each node
in the gaze data is a fixation. The longer the fixation, the bigger the node.

Our idea for this research was to find if eye gaze data added any value to
figuring out how quickly and efficiently a student understood a particular OSM.
If eye gaze data could be used in such a manner, then ITSs in future could track
a student using one version of the OSM, figure out if they are having difficulty
with it, and then intervene in some way, such as presenting them with a different
OSM.

3 Results and Discussion

We defined a new variable called OSM Efficiency. The more efficient someone
was at understanding a particular model, the higher their score would be. They
would also be able to understand the OSM in less time with fewer fixations. With
this logic, we came up with our equation for OSM Efficiency, which is given in
Equation 1.

OSM Efficiency =
Score

T ime×Number of fixations
(1)

An expert marked the answers to the OSM questions according to the mark-
ing schema and came up with a score for each OSM. The time and number of
fixations were extracted from the eyetracker.
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We used repeated measures ANOVA and found a significant differences be-
tween the efficiencies in the OSM groups (F (3, 42) = 43.567, p > .05). To find out
which groups were significantly different from each other, we conducted a Bon-
ferroni post-hoc test. There is a significant difference between the kiviat graph
and two other OSMs (tag cloud and treemap). There is no difference between
kiviat graph and concept hierarchy. Similarly, there is a significant difference
between concept hierarchy and two other OSMs (tag cloud and treemap). There
is no difference between tag cloud and treemap.

This shows that participants were on average more efficient (with our defini-
tion of efficiency) using the kiviat graph and the concept hierarchy, but had diffi-
culties understanding and answering questions using the tag cloud and treemap
representations.

However, how does this match up with participants’ attitudes towards the
OSM representations? In our questionnaire, we asked participants to rank the
OSMs according to their preference in a learning context.

There was a statistically significant difference in the rankings of the OSMs
(χ2(3) = 17.118, p = 0.001). Post-hoc analysis with Wilcoxon Signed-Rank Tests
was conducted with a Bonferroni correction applied, resulting in a significance
level set at p < 0.0125. Median (IQR) ranking levels were 1.0 (1.0 to 2.5) for
kiviat graph, 3.0 (2.0 to 4.0) for tag clouds, 2.0 (2.0 to 3.0) for concept hierarchy,
and 4.0 (3.0 to 4.0) for treemap. There was a statistically significant difference
in tag cloud vs. kiviat graph rankings (Z = −2.545, p = .011), and in treemap
vs. kiviat graph rankings (Z = −3.103, p = 0.002).

The comments’ question gave participants a chance to tell us about their
experience with the OSMs. Many agreed that the Kiviat Chart was best for
an overall and quick indication of their levels but the other representations had
their uses if more information was required. This led to the conclusion that the
best OSMs depend on the context of the situation.

ITS designers are becoming more creative with their OSM designs. There has
to be a method of testing between the various OSMs rather than just assuming
that all OSMs are easy to understand. In this paper, we were able to compare
four OSMs and found significant differences between them in terms of efficiency.
This efficiency took into account the participant’s score, their time for fixations,
and their number of fixations. Future ITSs would gather the student’s knowledge
score (from the student model) instead of a questionnaire score to determine if
the student is having difficulties. We compared this with subjective question-
naires that the participants had submitted rating their preference for each of
the OSMs. There were significant commonalities between the efficiencies and
the preferences. Furthermore, we manually analysed their comments and found
that their attitude towards the OSMs were significantly similar to both the ef-
ficiencies and preferences. Following on from the background research and the
participants’ comments, we wonder if there would be a difference between differ-
ent groups of students (say, novices versus experts). Novices might be interested
in an easy to understand smaller OSM, while experts might want further detail
and not be content with the smaller OSMs. We also found that eye tracking can
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play a large role in automatically understanding how the student is feeling to-
wards each OSM. This could later on be harnessed with ITSs to present students
with different OSMs when the ITS notices that they are struggling using their
eye gaze data.
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