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Abstract: Visual learning analytics (VLA) tools and technologies enable the meaningful exchange
of information between educational data and teachers. This allows teachers to create meaningful
groups of students based on possible collaboration and productive discussions. VLA tools also
allow a better understanding of students’ educational demands. Finding similar samples in huge
educational datasets, however, involves the use of effective similarity measures that represent the
teacher’s purpose. In this study, we conducted a user study and improved our web-based similarity-
based grouping VLA tool, (SBGTool) to help teachers categorize students into groups based on their
similar learning outcomes and activities. SBGTool v2.0 differs from SBGTool due to design changes
made in response to teacher suggestions, the addition of sorting options to the dashboard table, the
addition of a dropdown component to group the students into classrooms, and improvement in some
visualizations. To counteract color blindness, we have also considered a number of color palettes. By
applying SBGTool v2.0, teachers may compare the outcomes of individual students inside a classroom,
determine which subjects are the most and least difficult over the period of a week or an academic
year, identify the numbers of correct and incorrect responses for the most difficult and easiest subjects,
categorize students into various groups based on their learning outcomes, discover the week with the
most interactions for examining students’ engagement, and find the relationship between students’
activity and study success. We used 10,000 random samples from the EdNet dataset, a large-scale
hierarchical educational dataset consisting of student–system interactions from multiple platforms
at the university level, collected over a two-year period, to illustrate the tool’s efficacy. Finally, we
provide the outcomes of the user study that evaluated the tool’s effectiveness. The results revealed
that even with limited training, the participants were able to complete the required analysis tasks.
Additionally, the participants’ feedback showed that the SBGTool v2.0 gained a good level of support
for the given tasks, and it had the potential to assist teachers in enhancing collaborative learning in
their classrooms.

Keywords: visual learning analytics; learning analytics dashboard; SBGTool; similarity-based
grouping; data visualization; educational data; EdNet; user study

1. Introduction

In a classroom, students interact and discuss directly with teachers and with each
other, allowing them to gain an understanding of their performance. However, in a digital
environment, students may struggle to determine if their work is on par with that of
their peers or whether it meets the teacher’s expectations. Establishing groups that allow
students to engage in constructive conversations, reflect on their approaches to the subject
of study, and move into deeper learning is an issue that teachers face in physical and digital
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classrooms [1]. Since each student may participate in many activities over long periods of
time, datasets that record such activities are usually high-dimensional, large, and complex.

Learning analytics (LA) has evolved to help in the interpretation of educational data [2].
Siemens et al. [3] (p. 1) define LA as “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”. To help teachers interpret LA more
effectively, data can be visualized in dashboards by visual learning analytics (VLA) tools.
Those are defined by Schwendimann et al. [4] (p. 8) as “a single display that aggregates
different indicators about learner(s), learning process(es), and/or learning context(s) into
one or multiple visualizations”. Therefore, VLA can be used to obtain a graphical un-
derstanding of what a teacher or a student can do to improve motivation, self-direction,
learning effectiveness, student performance, and teacher engagement [5].

In this research, we improved the SBGTool, a similarity-based grouping VLA tool
that we presented earlier [6], by conducting a user study to learn more about teachers’
demands with such a pedagogical tool. This improvement includes adding sorting options
to the dashboard table, adding a dropdown component to group students into classrooms,
improving some visualizations, and considering several color palettes to support color
blindness. We also evaluated the effectiveness of the proposed tool. Performance level in
this tool is defined by the percentage of correct answers to different subjects, which varies
for each student. The tool is meant to support analysts (e.g., teachers) in grouping students
in meaningful ways to possibly support collaborative learning, that is, by performance
levels and by activity level. The activity level is defined by the total number of answers to
all subjects per student.

The research questions that drive our work are formulated as follows: (1) How can we
categorize students into various groups based on their learning outcomes? (2) How can we find
the most difficult and easiest subjects among all the others? (3) How can we compare individual
students’ learning activities? In our data, the activity of each student reflects the number
of questions she/he answers within a given subject, and the total numbers of correct and
incorrect answers for each student in different subjects is indicated in the student’s learning
outcome. In our previous publication [6], we have determined that by using the SBGTool,
teachers may obtain a comprehensive summary of the students’ activities and the number
of correct/incorrect responses for the entire year (on a weekly basis). They may filter the
features and extract detailed information about one student, a certain week, a subject, a
student answer, and a result. Additionally, they could find the most difficult and easiest
subjects with the fewest and most correct responses, respectively. This analysis workflow
may help the teacher to achieve meaningful decision-making in terms of pedagogical
interventions.

The rest of the paper is organized as follows: Section 2 describes the related work
in this field. Section 3 describes the dataset and preprocessing of the data. Sections 4
and 5, respectively, present the design of the SBGTool v2.0 and a use case on how a teacher
could quickly gain information about the students’ learning activities, group students in
different performance levels, and compare two individual students’ learning achievements.
Section 6 provides a user study and a discussion on the result, and Section 7 describes our
conclusions.

2. Related Work

VLA is an active research area, with tools being proposed to aid teachers’ and students’
decision-making about learning processes by considering diverse approaches, datasets,
and scenarios. Ez-zaouia et al. [7], for instance, developed the EMODA dashboard based
on a postprocessing (offline) approach that allows the teacher to track and comprehend
the emotions of students throughout an online learning session. The purpose is to better
understand how emotions change during the synchronous learning session. In [8], Govaerts
et al. established the Student Activity Meter (SAM), a visualization tool for awareness
and self-reflection for teachers and students to assist in evaluating how much time and
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resources students spend on learning activities. On the other hand, He et al. [9] proposed
LearnerVis based on their offered engagement calendar matrix model to let users view the
temporal characteristics of the learning process and examine how students schedule their
multicourse activities in an online learning environment. Mohseni et al. [10] developed
the SAVis tool by interpreting the visualization of machine learning (ML) algorithms to
enable teachers to explore students’ learning and activities by interacting with various
visualizations of student data.

Publications such as [11] have emphasized the development of tools to generate mean-
ingful groups for students’ activities, i.e., groups that will allow students to participate in
productive discussions, allowing them to reflect on their approaches to the problem and
justify and evaluate their answers, and ultimately lead to deeper learning. However, rela-
tively little attention has been paid to the grouping issue by the VLA community. Studies
such as [12,13] have looked at the relevance of forming groups based on an ontological
description of the learning goals and collaborative environment. In this study, instead, we
group students based on their performance levels and activity levels.

In [14], Ochoa utilized several models to cluster the students and the planned semester
with other similar students and/or semesters in the historical dataset in their proposed
VLA tool. The author wanted to estimate the probability of students failing one course
in an academic semester. The risk was calculated using the previous frequency of similar
students failing at least one course in similar semesters. Gutiérreza et al. [15] described the
overall design and implementation of a learning analytics dashboard for advisers (LADA).
The scope is to assist academic advisers in their decision-making process that aids students
in the definition of their career/life goals. In addition, advisers can aid the development of
an educational plan to achieve these goals through comparative and predictive analyses.
LADA used multilevel clustering, specified with adaptive specificity levels, to predict
“chance of success” following the methodology given by Ochoa [14] for the prediction
of the academic risk of failing a course. The number of mildly/severely failed courses is
used to determine students’ similarity. While [14,15] worked on a similarity-based group
approach, their main objective was to predict students’ performance. In our study, instead,
we are interested in providing the teacher with a multidimensional perspective of the
students’ similar learning outcomes and activities. This allows for an exploratory approach
that can go beyond simple performance prediction, the kind of task that is better suited for
visual analytics tools than for automated, ML-based ones.

Gutierrez-Santos et al. [16] described a computer-based grouping tool that assists
secondary school math teachers in grouping their students for collaborative activities based
on their diverse approaches to an exploratory learning task. The research is carried out in a
microworld for the development of algebraic ways of thinking. The proposed tool enables
teachers to quickly form groups for collaborative activities, increasing the likelihood of
meaningful discussions by combining students with very different perspectives, e.g., low
similarity. The mentioned work is based on information about the collaboration context,
and it groups students based on their own interactions with an exploratory learning
environment to support exploratory learning of algebraic generalization. In contrast to
our approach, they focus on the strategies of the students, while our study focuses on
students’ activity in terms of the numbers of correct and incorrect answers, which is a
general concept in many educational datasets and can be expanded for other educational
scenarios. Moreover, since we use a visual analytics approach to support the teachers in
the exploration of similarities (instead of giving them automatic recommendations), our
approach is inherently interpretable, tackling not only how to form the groups, but also the
question of what these groups have in common (or not).

Kazemitabar et al. [17] presented an online, asynchronous learning environment called
Helping Others with Argumentation and Reasoning Dashboard (HOWARD), including
two interfaces for both students and teachers. The teacher interface included a VLA tool
designed to make it easier to keep track of group activities. On the dashboard interface
for teachers, each group is represented by four visualizations lined together in a row that
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give teachers access to information on group participation and progress, the latest activities
of group members, and the interaction trends between group members in the discussion
space. Despite the fact that the visualizations in [17] are based on group activities and are
comparable to the work we have done to divide students into different classrooms, they did
not take into account any methods to group the students based on their learning outcomes.

3. Dataset and Preprocessing

Intelligent tutoring systems (ITSs) can improve students’ learning activities by provid-
ing a personalized curriculum that addresses the individual needs of every student [18].
EdNet (https://github.com/riiid/ednet, accessed on 13 July 2022) [19] is a public large-
scale hierarchical educational dataset containing 131,417,236 interactions from 784,309
students from South Korea, collected over a period of two years by Santa (Riiid TUTOR
(https://aitutorsanta.com, accessed on 13 July 2022)). Santa is a multiplatform, self-study
solution with an artificial intelligence (AI) tutoring system that helps students prepare
for the Test of English for International Communication (TOEIC) exam. Since the EdNet
dataset is large, complex, and heterogeneous, it can be difficult and challenging for teach-
ers/students to interpret the data. SBGTool was designed and developed precisely with
such a scenario in mind: to further aid teachers in grouping students with similar activities,
keep track of the activities of the groups, and compare students’ achievements.

The student actions contained in the EdNet dataset are divided into four levels of
abstraction: KT1, KT2, KT3, and KT4. In this paper, we use the KT1 dataset and question
information table. KT1 contains the students’ question-solving logs, as well as the time
spent by the student in solving a given problem (elapsed time). In addition, the question
information table contains information on the correct answer to each multiple-choice
question with four answer choices, as well as the subject number (or question part). The
subject number is the assigned part of the lecture, which is a single integer from 1 to
7. The data preprocessing phase included cleaning, instance selection, normalization,
transformation, feature extraction, and selection [20]. Because each student’s interactions
are recorded in a single CSV file, the first step in preprocessing data was to merge them
into a single data frame and add a column to show the students’ IDs. The student answer
durations to the multiple-choice questions in the dataset were between 0 and 851 min
(around 14 h). This indicates that many students started answering a question but never
finished it, generating some noisy data. Figure 1 illustrates the distribution of answer
duration for around 14 million random samples. As can be seen, almost all students take
between 0 and 5 min to answer questions. To reflect this, a filter for answer duration was
applied, and it considered the duration between 0 and 5 min. We also applied a filter to
questions with less than 100 answers in general, keeping only questions with a significant
amount of activity. The students’ answers to the questions were then analyzed to identify
similarities and differences among answers.

For the analysis performed in this study, to improve performance and avoid the
overload of users in the dashboard, 10,000 random samples were selected from the dataset.
We believe this should be a representative sample of the whole dataset. Because the EdNet
dataset does not contain information on the students’ school or classroom, we separated
the students’ IDs in the 10,000 random samples into eight classrooms, allowing teachers to
choose a class name from a list and focus on the students inside that class. Each sample
(or row) of the final dataset presented in Table 1 contained various features such as student
ID, date, date week, month, day, hour, question ID, subject number, user answer, correct answer,
result, answer duration, and class. The proposed SBGTool v2.0 can read data in CSV format;
therefore, it is possible that other learning management systems using the same data format
can also be used. Translation of data format would also increase the possibility to use
our solution.

https://github.com/riiid/ednet
https://aitutorsanta.com
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Table 1. A sample of the final dataset after merging and preprocessing the data.

Student
ID Date Date

Week Month Day Hour Question
ID

Subject
Number

User
Answer

Correct
Answer Result Answer

Duration Class

0 S4 13 October
2019

2019-10
W40 10 13 10 11315 4 c d Incorrect 0.600 Class

#1

1 S4
15

September
2019

2019-09
W36 9 15 17 11839 6 a a Correct 0.458 Class

#1

2 S4
15

September
2019

2019-09
W36 9 15 17 11840 6 c c Correct 0.458 Class

#1

3 S4
15

September
2019

2019-09
W36 9 15 17 11703 6 a a Correct 0.467 Class

#1

4 S4
15

September
2019

2019-09
W36 9 15 17 11706 6 d d Correct 0.467 Class

#1

4. Overall Design of SBGTool v2.0

In this section, we describe the design of the SBGTool v2.0. The proposed tool is
interactive, and the views are coordinated and interconnected, which allows much deeper
interactions than simply a set of graphs generated in Excel. Interactive, coordinated views
allow for the testing of hypotheses and multilevel exploration of complex data [21]. As
can be seen in Figure 2, we employed a strategy of increasing details, starting from Key
Metrics, followed by Overview and finally Detail. These three levels follow Shneiderman’s
mantra [22], “overview first, zoom and filter, then details on demand”, which drives visual
information-seeking behavior and interface design. The most important global information
about the dataset is displayed in the Key Metrics section (Figure 2A), which includes the
total numbers of correct and incorrect answers, number of students, questions, and number
of answers in the four answer choices (A, B, C, D).
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To make it easier to recognize key metrics in different visualizations, we used the
following colors: • dark blue for correct answer, • red for incorrect answer, • light blue
for option A, • green for option B, • pink for option C, and • orange for option D. Since
color blindness affects about 1 in every 20 people, we chose colors that are appropriate
for people who are colorblind (Figure 3) [23]. We utilized the possibility of choosing the
color of the website [23] to examine what our chosen color palette would seem like to
colorblind viewers. The colors in the leftmost column of Figure 3 are the “true” colors,
which are shown in the remaining three columns as they would seem to someone with
protanopia, deuteranopia, or tritanopia, i.e., color blindness or less sensitivity to red, green,
or blue-yellow light, respectively [23].
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The Overview section of SBGTool v2.0 (Figure 2B) includes a view that displays the
total numbers of correct and incorrect answers, the total number of students’ answers
for the four answer choices, and the total number of correct answers for the four answer
choices over time. This view is an overlay of grouped bar and line charts. By selecting a
point (week) in the overview, all the key metrics and visualizations in the Detail section
(Figure 2C) of SBGTool v2.0 are updated accordingly. In addition, a range slider on the
overview enables the teacher to limit the x-axis value within a given range (minimum
and maximum values). By moving the mouse in the overview and looking at the number
of students’ answers and correct answers (in the four answer choices for multiple-choice
questions in a given week), the teachers can determine how near the students’ learning
activities were to a correct response. In order to focus on the students’ activity inside a
classroom, a class name should be selected from the dropdown component on the top right
side of the tool. To reload the entire selected 10,000 samples, the “reset” button on the tool’s
top right side can be pressed. Likewise, the “learn more” button next to the “reset” button
may be used to obtain a general description of the tool that has been developed.

SBGTool v2.0 allows the user to interact with each visualization individually and
drill down to more detailed levels of information. Brushing, zooming, and filtering are
all supported by the majority of the visualizations. The main purpose of brushing is to
emphasize brushed data elements in the various tool views. The user can obtain more
information by picking a portion of each graphic and zooming in. The user can also filter
the view by clicking on the legend (square or circle) in the right half of each display.

The Detail section of the proposed tool (Figure 2C) includes a table and two bar charts
on the left-hand side, as well as three tabs with specific visualizations to aid in the discovery
of insight about various subjects, students’ groups with similar activities in terms of the
number of correct answers, number of student interactions, number of interactions in
different features, and the difference between students’ learning activities.

Teachers can obtain thorough information on students’ activities and the time they
set aside to answer a question by glancing at the table shown in Figure 2C. In addition,
they can filter and sort the table according to the student ID, date week, date, subject
number, user answer, correct answer, result, and answer duration, to have more focused
information. The first bar chart shown in Figure 2C on the left-hand side depicts the overall
percentages of correct and incorrect responses. As can be seen in the bar chart presented
in Figure 2C, the percentages of correct and incorrect answers for students in class 1 are
70.47% and 29.53%, respectively. The second bar chart on the left-hand side of the tool with
multicategory axis type presents the percentages of difficulty and ease in seven subjects.
For example, as seen in this bar chart, the percentages of difficulty and ease in subject 1 are
23% and 77%, respectively. By comparing these percentages to those in other subjects, we
can determine the most difficult and easiest subjects. In order to determine the percentage
of difficulty in different subjects, we use Equation (1) where Nc and NI are the numbers of
correct and incorrect answers, respectively, in each subject. Equation (1) is based on the
difficulty index [24] which allows us to calculate the proportion of students who correctly
answered the questions belonging to a subject.

DifficultySub. = (1 − NC
NC + NI

)× 100, (1)

Figure 4 displays the “Students’ performance” tab which contains a scatter plot and
selections (radio buttons) for rendering a set of features in the scatter plot. By selecting the
student ID from the checkbox list, the performance levels are shown (Figure 4a). To define
the percentage of performance, we apply Equation (2) where Nc and NI are the numbers of
correct and incorrect answers, respectively, for each student.

Performance =

(
Nc

Nc + NI

)
× 100, (2)
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For the color scale, we considered five levels of performance, in increasing order: “Very
low”, “Low”, “High, “Very high”, and “Accurate”. We used the proportion of performance
to group the students into these different levels of performance. For color blindness, we
chose the color palette presented in Figure 5 where the colors in the leftmost column are
the “true” colors, which are shown in the remaining three columns as they would seem
to someone with protanopia, deuteranopia, or tritanopia. Students with a performance of
100% are in the ‘Accurate” level, students with a performance of 86% to 99% are in the “Very
high” level, students with a performance of 66% to 85% are in the “High” level, students
with a performance of 51% to 65% are in the “Low” level, students with a performance of
1% to 50% are in the “Very low” level. According to the performance levels, we considered
“Accurate” and “Very high” levels as high-performing, “High” as average-performing, and
“Low” and “Very low” as low-performing.

Teachers can use the visualizations in Figure 4b–d to determine the total number of
interactions (the total numbers of correct and incorrect answers) and the numbers of correct
and incorrect answers for each date, day, and hour.

The numbers of correct and incorrect answers and the total number of interactions
for each subject are shown in Figure 4e. Since the x-axis of the view in the Overview
section represents the weekly activity, the visualizations in this tab allow teachers to dig
deeper into the numbers of correct and incorrect answers for each feature. The “Students’
engagement” tab shown in Figure 6 displays the students’ activity levels. Because the
heatmap is arranged from left to right, teachers can quickly identify students who have
similar numbers of activities in each of the four answer choices, as well as those who have
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the most and least interactions with the digital learning material. Students with the most
interactions are represented by navy blue, while those with the fewest interactions are
represented by light blue. Figure 7 illustrates the “Comparison” tab that includes two
dropdown components and two Sankey diagrams. A Sankey diagram can be thought of as
a flow diagram in which the width of arrows is proportional to the flow quantity. In these
diagrams, we visualize the contributions to a flow by designating “Student ID” as a source;
“Result” as a target; and “Date Week”, “Subject number”, and “Student answer” as flow
volume. Using this tab enables a teacher to compare the students’ learning outcomes by
choosing their IDs from the dropdown components.
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5. Use Case

In this section, we address the research questions and describe how a user (in this
hypothetical example a teacher) may utilize SBGTool v2.0 to group students in different
performance levels, compare two individual students’ outcomes, and gain insights into the
students’ learning activities by providing an explanation of the various visualizations of
SBGTool v2.0.

Figure 8 depicts an example use case of the proposed tool. Choosing a class name
from the dropdown component on the top right side of the tool and selecting a week from
the grouped bar and line charts allow teachers to focus on a specific week (e.g., the exam
week) that is relevant for the analysis of a classroom. For this use case, we choose class 1
and select week 27 of 2019 in the Overview section.

By selecting the week, all the key metrics and visualizations in the detail section have
been updated. The information for the selected week has been displayed in the table on the
tool’s left-hand side. As can be seen in Figure 8a, 55 students out of 182 students shown in
Figure 3 participated in some learning activities in that time period, and they answered
90 questions out of the 1232 questions in week 27. During this week, the total numbers of
correct and incorrect answers were 62 and 28, respectively, for a total of 90. The answers to
the multiple-choice questions were A (20), B (25), C (20), and D (25). The percentages of
ease of different subjects presented in the bar chart on the left-hand side of Figure 8a were
66.67%, 41.67%, 93.75%, 64.29%, 70.59%, 66.67%, and 70% in different subject numbers from
1 to 7, respectively. As can be seen in Figure 8a, the bar chart is filtered by the ease category,
and the second subject had the lowest percentage of ease, indicating that the most difficult
questions were in this subject (since the students had the most incorrect answers).

As previously stated, we divide the performance into five levels, ranging from “Ac-
curate” to “Very low”. To showcase the investigation of specific students, here we choose
student IDs S119 and S622. Since the percentage of performance for student ID S119 was
80% percent, he/she was placed in the “High” level category as an average-performing
student. He/she responded to a total of five questions in week 27, 2019. We sorted the table
based on student IDs, and as can be seen in Figure 8a, he/she had four correct answers and
one incorrect answer. By glancing at the scatter plot, teachers can easily categorize students
into five groups based on their similar learning outcomes. In addition, teachers can obtain
more particular information about the subject, the numbers of correct and incorrect answers,
and the answer durations by filtering and sorting the table.

Figure 8b depicts a heatmap displaying the students’ activity levels. Since S119 and
S622 had the most interactions with the digital learning material as well as similar activity
levels in week 27, their activity levels were placed on the left side of the heatmap. As can
be seen in Figure 8b, two of the students’ answers for both student IDs S119 and S622,
belonged to option C. We filtered the table by student ID (in this case S622) and sorted it by
answer duration (in this case ascending) to obtain more information about the minimum
and maximum answer durations, subjects with the highest and lowest numbers of wrong
answers, date of activity, and user answer to the questions belong to each subject.

A comparison of student IDs S119 and S622 is shown in Figure 8c. In week 27, both
S119 and S622 answered five questions. The diagrams presented in Figure 8c show that
S119 and S622 had the same performance since both had four right answers and one wrong
answer. S119 had more difficulties in subject 6, having one incorrect answer, while S622
had more difficulties in subject 7, having one incorrect answer. By looking at these Sankey
diagrams, teachers can identify the subject and the week in which students engaged in
more activities and compare the learning outcomes of the students.
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6. User Study and Discussion
6.1. User Study

We conducted a user study, in addition to the use case stated above, to obtain evidence
on the effectiveness of SBGTool. Therefore, the user study’s goals were to determine how
long it took to complete a number of tasks with SBGTool and to obtain users’ feedback
while using SBGTool. We formulated two research questions:

• RQ1: What will the average amount of time spent on completing tasks tell us about
the users?

• RQ2: Does the SBGTool provide support needed by the users to complete a number of
tasks?

Our main target population was people with teaching experience in higher education.
Through relevant email lists and contacts at two Swedish universities, we were able to
reach 20 volunteers. Figure 9 shows the demographic information of the participants. One
of the participants did not complete the ICE-T evaluation form (see below), so the total
number of participants for the evaluation form was 19 (14 male, 4 female, and 1 unknown).
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We used the ICE-T methodology to run our study. The ICE-T methodology makes use
of an evaluation form emphasizing the importance of visualizations and their interactivity.
It consists of four main high-level components, which are the pillars of the Wall et al. [25]
approach: Insight, Confidence, Essence, and Time (ICE-T). Insight is the ability of a visualiza-
tion to spur and identify insights and/or insightful questions about the data. Confidence
is the ability of a visualization to generate confidence, knowledge, and trust in the data,
domain, and context. Essence is the ability of a visualization to convey the overall essence
of the data. Time is the ability of a visualization to minimize the amount of time it takes
to answer a range of questions about data. The mid-level guidelines are represented by
two to three subquestions in each of the four main components. Following that, each of
these mid-level guidelines contains one to three low-level heuristics, resulting in a total of
21 heuristics. Heuristics are quick and cognitively affordable strategies that agents/users
employ to make decisions [26]. In the ICE-T evaluation form, evaluators can give a 7-point
Likert scale rating for each heuristic, or the “Not Applicable” response [25].

The study was performed online via Zoom while the participants and the researcher sat
in distant, quiet rooms. Every participant used the same computer (first authors’ computer)
with the same SBGTool installation, controlled remotely via the Zoom video-conference
software. The data collection was divided into five main steps, with each participant taking
part independently. The participants were first shown a video instruction that described
the SBGTool, its main components and visualizations, the purpose of developing such a
VLA tool, and the types of activities that may be done with it. In the second step, after
watching the video, the participants were given remote control to later interact with the
SBGTool, and they had a set timeframe to ask questions. In the third step, the participants
used the SBGTool to complete a set of eight specific tasks. The tasks were given to the
participants via Zoom. They were also asked to answer questions related to seven defined
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tasks. Participants were additionally asked to let the researcher know when each task was
finished so that we could keep track of the task completion times. In the fourth step, the
researcher had a short conversation about the tool, where the participants expressed their
comments, attitudes, or feelings about it. Finally, in the fifth step, the participants filled out
a feedback form based on the ICE-T methodology [25].

6.2. Results and Discussion

For each task, the participants were asked one or several questions. Correct answers
to the questions demonstrated that the participants could “read” the visualizations in the
SBGTool. In Task 1, participants were asked to evaluate the bar chart on the lower left-hand
side of the tool presented in Figure 2 and find the most difficult and easiest subjects for
class 2. Nineteen out of twenty participants correctly identified the subjects. In Task 2, the
assignment was to analyze the data in the “grouped bar and line charts” in the overview and
determine the week that had the highest number of interactions for examining the students’
activities. The question related to this task was successfully answered by all participants.
For Task 3, participants had to find the number of students’ correct and incorrect answers
in class 2 using key metrics. Nineteen out of twenty participants answered correctly.

Task 4 consisted of two questions regarding the “Students’ performance” tab presented
in Figure 8a: Q.1: What are the first two students with the most answers, and in which
performance level were they placed? Q.2: Which date, hour, and subject have the most stu-
dent interactions? The second question in task 4 was answered correctly by all participants.
Because the scatter plot shown in Figure 10 from our previous work [6] was small and the
circles representing the students’ activity overlapped, finding the top two students with the
most answers was difficult for the participants, yet 16 out of 20 participants gave the correct
answer. This result led us to redesign, after all participants had used the SBGTool, the first
tab’s layout to address the scatter plot overlap issue and free up space by deleting the pie
chart that displayed the percentages of correct and incorrect answers from the previous
version of the tool. The first bar chart on the left-hand side of the tool shows the same data
as the pie chart (Figure 10).
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In Task 5, participants were asked to compare the outcomes of two students with the
student IDs S1239 and S1231, considering the “Comparison” tab presented in Figure 8c,
and find the student who performed better. Nineteen out of twenty participants correctly
identified the better performing student.

For Task 6, participants were asked to filter the visualizations of the SBGTool by
selecting week 27, 2019, from “grouped bar and line charts” in the overview; compare the
outcomes of two students with the student IDs S1239 and S1231 in this week; and find the
better performing student. All participants successfully responded to this question.

Task 7 included three questions. The assignment was to find “the maximum answer
duration for two students with the student IDs S1239 and S1231 in week 27, 2019”, “most
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difficult and easiest subjects for class 2 in week 27, 2019”, and “the number of correct and
incorrect answers for the most difficult and easiest subjects”. The mentioned questions
were correctly answered by 19, 20, and 19 out of 20 participants, respectively.

Finally, in Task 8, participants were asked to find the student in class 2 who had the
most interactions with the tool in week 27, 2019, while using the “Students’ engagement”
tab. This question was successfully answered by all participants.

Figure 11 provides a summary of the data gathered during the user study, including
the participants’ answers to all questions/tasks, distribution of completion time, and task
completion time for 20 participants.
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One early observation was that the participants’ responses were nearly identical and
that they all were able to successfully solve the majority of the tasks. Tasks 1, 3, 5, 7 (Q.1),
and 7 (Q.3) each had one incorrect answer, while task 4 (Q.1), being the most challenging
question, had four incorrect responses (Figure 11a). Another observation was that most of
the tasks required about the same amount of time to complete (Figure 11b).

Tasks 4 and 7 required extra time because there were two and three questions in each
task, respectively (Figure 11b). Figure 11c illustrates a broad overview of task completion
time for the 20 participants, the mean value and the standard deviation for each task, as
and whether each user allocated the same amount of time to complete tasks/questions. To
respond to RQ1, we found no meaningful differences in the time users needed to complete the tasks
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in general, but they clearly needed more time for tasks that included more questions. This implies
that the visualizations in SBGTool are easily interpreted. The outcomes of the ICE-T experiment
are summarized in the next section.

Although numerous developed VLA tools with various objectives are available, there
is a shortage of similarity-based grouping tools that group students with similar learning
outcomes. As we discussed in the section on related work, [16] explained a computer-based
grouping tool that aids teachers in grouping the students for collaborative activities based
on their varied approaches to an exploratory learning task. However, it focused on the
strategies of the students, whereas our study focuses on students’ activity in terms of the
numbers of correct and incorrect answers, which is a general concept in many educational
datasets and can be used to improve learning outcomes.

6.3. ICE-T Results and Discussion

We used the ICE-T methodology and questionnaire to collect and compare structured
user feedback, as described in Section 6.1, to complement the data from the tasks themselves.
As previously stated, 19 of the 20 participants completed the ICE-T questionnaire. Figure 12
shows the percentage for each of the 7-point Likert scale and “Not Applicable” response
in ICE-T feedback for all 21 heuristics (Figure A1 in Appendix A). As can be seen in
Figure 12, most of the participants choose “Strongly Agree”, “Agree”, and “Somewhat Agree”
for the heuristics belonging to Insight, Time, and Essence components. Since the Confidence
component’s last heuristic, which is “if there were data issues like unexpected, duplicate,
missing, or invalid data, the visualization would highlight those issues” was not clear for
most of the participants, “Not Applicable” received the largest percentage of responses.
The observation shows that the proposed tool provides a good level of support.
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feedback for all 21 heuristics.

Figure 13 shows the overall ICE-T feedback and participants’ scores for all 21 heuristics
in the four main high-level components.

In Figure 13, the larger the number, the better, with dark blue representing good
results. One statistical analysis is included with the raw data: two-tailed 95% confidence
intervals (CIs) for each participant (t* = 2.1; n = 19). Because of the small sample size and
the data distribution’s non-normality, we used a nonparametric test. According to a quick
visual assessment of Figure 13, the SBGTool has good scores in three ICE-T components,
Insight, Time, and Essence, as all cells are blue-colored. This finding indicates that while
employing the tool reduced the time it took to answer a variety of data questions, it also
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assisted participants in identifying insightful data questions and conveying the data’s
overall essence.
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Although the lowest score for the Confidence component is 4, this value is still more
than average. Because there are no “cream”-colored cells in the Confidence component, the
participants were very confident in their results when using the tool. The ICE-T authors
consider that a value above 5 represents a mature tool [25]. These findings, together
with statistical analysis, demonstrate that the SBGTool provides sufficient support to the user
to analyze and solve tasks; therefore, visualizations in SBGTool can be considered to be good as
supporting users wanting to analyze the data to group students by learning outcomes and activities,
which answers RQ2.

7. Conclusions

In this article, we introduced SBGTool v2.0, which is the improved version of SBGTool,
a novel web-based VLA tool for grouping students who have similar learning outcomes.
SBGTool v2.0 differs from SBGTool in that it has been improved in terms of design by taking
teacher suggestions into account, adding sorting options to the dashboard table, updating
several visualizations, adding a dropdown component to group students into classrooms,
and applying a number of color palettes to support color blindness. The SBGTool v2.0
can assist teachers with grouping efficiently by providing multiple visualizations in an
interactive platform. Teachers can use the suggested VLA tools to compare groups of
students with similar learning activities, as well as individual students; find the most
difficult and easiest subjects; explore and understand students’ learning outcomes; find
the relationship between students’ activity and success; and maximize the collaborative
learning potential in their classroom. This is the main contribution of our research to
VLA tool development, making SBGTool v2.0 a unique grouping tool. In order to show
what can be done with the proposed tool, we presented a use case with a real-world
dataset. In addition, to learn teachers’ demands with such a pedagogical tool and assess
the effectiveness of the proposed tool, we conducted a user study with the proposed tool.
The results revealed that even with limited training, the participants were able to complete
the required analysis tasks, and their feedback showed that SBGTool v2.0 provided a
good level of support for the given tasks. In our future work, we intend to conduct
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design-based research in primary and secondary education and develop a dashboard for
teachers to monitor students’ progress and support decision-making by using parts of the
SBGTool v2.0.
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