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TreEducation: A Visual Education Platform for
Teaching Treemap Layout Algorithms

Johannes Fuchs ¥, Bastian Jackl

Abstract—Treemaps are a powerful tool for representing hierar-
chical data in a space-efficient manner and are used in various
domains, including network security or software development.
However, interpreting the topology encoded by nested rectangles
can be challenging, particularly compared to tree-structured rep-
resentations like node-link diagrams or icicle plots. To address this
challenge, we introduce TreEducation , a visual education platform
designed to improve the visualization literacy skills required for
reading treemaps among non-expert users. TreEducation is an
online application that combines visualizations, interactions, and
gamification elements to facilitate understanding of eight different
treemap layout algorithms and enhance students’ learning process.
We evaluated TreEducation in a classroom setting and a controlled
environment. Our results indicate a significant knowledge gain of
students training exclusively with TreEducation and the usefulness
of competition as a social gamification element included in our
competitive quiz.

Index Terms—Treemap, education, gamification, verbalization,
teaching.

I. INTRODUCTION

ISUALIZATION literacy is understanding, interpreting,
V and creating visual representations of data and informa-
tion [1]. It is an essential skill that enables people to extract
insights and patterns, making better decisions based on the
information. Unfortunately, many struggle to interpret more
complex visualization techniques like node-link diagrams or
treemaps [2]. This is especially true for novices like under-
graduate students [3]. Teaching how to read such visualization
techniques is key to closing this knowledge gap.

However, the traditional classroom setting falls short when
teaching treemaps. Lecturers have to prepare abundant material,
mainly slides, to illustrate the different steps for creating the
visualization and what effect these steps have when applied to
some data examples. Typically, they complement the prepared
material with drawings on a flipboard. Such a setting lacks
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interactivity, as the example cases have to be pre-arranged.
There is no straightforward way to explore the consequences
of alternative design decisions and the final visual result on
different kinds of data. As a result, students have to cope with a
high level of abstraction.

To tackle this issue, interactive visualization systems have
been introduced to support learners and lecturers in their endeav-
ors. Prominent examples are algorithm visualizations to explain
basic statistics [4], sorting algorithms [5], or tree traversal strate-
gies [6]. In such settings, interaction and a step-wise procedure
like animation chunking were deemed useful when explaining
algorithms [7]. Also, the use of visualizations was attributed
to having a positive effect on students’ learning success [8].
Such education systems are highly tailored toward their specific
domain and cannot be easily extended. That is why learning
to read or understand some specific visualization techniques or
algorithms is not yet supported by existing education tools.

Treemaps, for example, are a type of data visualization that
display hierarchical relationships with nested rectangles [9].
These rectangles represent nodes in the hierarchical structure.
Their position depends on the chosen layout algorithm, and they
can change in size or color to convey additional information.
Currently, only one tool has been published trying to improve
people’s treemap visualization literacy skills [10]. The software
links a node-link diagram with a treemap constructed with
the Slice-and-Dice algorithm. Interactive manipulation allows
linking and brushing by hovering over nodes or rectangles,
or details on demand by clicking on rectangles. Via a menu,
seven precompiled datasets can be explored in the software,
and six different color ramps can be applied to the treemap to
visualize the underlying data value. The authors conducted a
quantitative experiment that proved the benefits of the software
compared to traditional teaching material. Unfortunately, the
software is currently difficult to share across institutions since
it is unavailable online. Moreover, the users’ motivation to use
such an educational tool in practice needs to be clarified.

In this paper, we introduce our online education software
TreEducation,' a gamified learning platform that uses visualiza-
tion, interaction, and verbalization elements to overcome the out-
lined didactic issues when teaching treemaps and gamification
to strengthen the users’ motivation to use the tool for learning
purposes. We took Firat et al.’s [10] work as a starting point and
tried to improve the software by introducing multiple layout
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algorithms, further design variations, alternative explanation
methods, more didactic support, and directly integrated quizzes.

TreEducation was evaluated in an actual classroom setting
and in a controlled environment. Based on already established
treemap literacy tests, our results indicate a significant knowl-
edge gain for students when training with TreEducation . This
is true for different layout algorithms like Slice-and-Dice, or
Strip. Also, the included competitive quiz proved the usefulness
of social gamification elements, like competition.

II. BACKGROUND

Games are typically characterized by rules, competition, and
aclear outcome or goal that human participants achieve. Gamifi-
cation refers to the integration of game design elements into non-
game contexts [11]. This distinguishes game-based applications
from serious games, which incorporate multiple game elements
to create a complete game. The application area for gamification
elements is not limited to entertainment. They can be applied
in various contexts, such as health [12], marketing [13], visual
analytics [14], and education [15], to improve user experience
and engagement.

A. A Taxonomy of Gamification Elements

Gamification has been researched extensively in the past. As
a result, different ways how to categorize single gamification
elements exist [16], [17], [18]. Our work focuses on the taxon-
omy proposed by Toda et al. [19] since they specifically focused
on the education domain. Additionally, the authors derived their
taxonomy and 21 gamification elements after consulting experts
from different professions like game developers, teachers, or
researchers [20]. Based on their classification, these 21 gamifi-
cation elements fit into five different categories.

is a category that provides feedback to the
user through different means. Points or acknowledgements can
be used as extrinsic feedback to show achievements. Statistics
or progression provide guidance about current advances and act
as orientation in the virtual environment. Students might get
confronted with more complex tasks depending on their level.

relates to the education platform interacting with
the user. Students experience different content based on their
imposed choices or gain rare items, which can be traded in the
system’s economy. Results based on user interaction can happen
by chance and can be restricted by time pressure.

is the context that describes interactions of learners in
the environment. Students can cooperate to achieve a common
goal or compete against each other. In either case, gaining
reputation is a way to represent social status and establish a
hierarchy. This can result in social pressure for the learners.

relates to the learner using the education platform.
Motivation can be increased with novel content, new informa-
tion, or updating game elements triggering different levels of
sensation like the visual system. Overall, students must have
a clear objective or challenges like puzzles they can fulfill. If
they fail a task, renovation is necessary by repeating tasks or
transferring knowledge from already known contexts.
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ties the user experience with the environment.
Storytelling supports the narrative of the education platform
through visual, audio, or sensual cues. The order of events
happening in the story is called the narrative. Users can influence
this order through implicit choices.
In Section III, we will evaluate educational tools based on this
taxonomy.

B. Benefits and Drawbacks of Gamification Elements

Gamification elements often constitute an inseparable com-
ponent within digital teaching and e-learning [21]. The reasons
for this are that they originated from digital video games (e.g.,
Sailer et al. [22]) and are attributed with great potential for
enhancing engagement, motivation, and attention during task
performance [19], [23]. As a result, numerous research groups
have studied the influence of gamification elements in digital
learning for many years [24]. A summary can be found in the sys-
tematic literature reviews [25], [26], [27]. The essential elements
identified include points, digital badges, and leaderboards. These
three gamification elements are often called the PBL triad [22],
positively impacting learning outcomes. Additionally, they can
be easily implemented into existing e-learning platforms [27].

Based on the meta-analysis by Sailer and Homner that in-
cludes 38 publications with experimental studies between 2013
and 2017, gamification elements show a significant positive
effect on cognitive learning outcomes that comprises students’
conceptual and application-oriented knowledge [21]. Regarding
motivational outcomes (e.g., intrinsic motivation, engagement,
or attitude) and behavioral skills (e.g., technical skills or motor
skills), results of the meta-analysis showed that gamification
elements are most effective in a competitive-collaborative set-
ting, which means that students could, e.g., compete in learning
groups. This comprehensive meta-analysis underpins the great
potential of gamification.

C. Gamified Learning versus Serious Games

Regarding the use of games in teaching-learning arrange-
ments, different terms and concepts exist in the literature [11],
[28]. First, a distinction is made between the terms “play” and
“game”, where the term “play” describes any form of playful
interaction, while playing “games” refers to a concrete area.
“Games” thereby combine different characteristics. According
to Loh et al. [29] and Mayer [30], games are rule-based
simulative systems that are responsive, cumulative, challenging,
and inviting. Accordingly, games integrate pre-defined rules in
which players make decisions. These decisions lead to reactions
(responsive) that change their status within the game (cumu-
lative). Furthermore, decisions should not be predetermined
by the game (challenging) but inviting to the player (e.g., by
gaining rewards). As described in the taxonomy of gamification
elements, games consist of different elements (Section II-A).

Theoretically, these elements can be distinguished into ele-
ments that purely serve the purpose of entertainment (e.g., lev-
eling up an avatar; entertainment games) or serve the purpose of a
certain learning goal (e.g., making decisions in order to solve an
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authentic problem). Gamification (or gamified learning) makes
use of one or some of these elements by implementing them
in a non-game context (e.g., a teaching-learning arrangement at
a university) [11]. Gamified learning does not provide a whole
game that students play but uses single gamification elements
to benefit from them. In contrast, serious games (or game-based
learning) provide a complete game that uses these elements to
fulfill entertainment and/or learning goals.

In summary, TreEducation is a gamified learning platform
using different gamification elements to impact learning and
motivational outcomes positively. The presented taxonomy will
allow for an objective evaluation of TreEducation against already
established education tools presented in Section III.

III. RELATED WORK

The implementation of TreEducation was inspired by re-
search from two different domains. First, we reviewed research
about treemap visualization techniques and their use in practice.
We wanted to identify well-established designs together with
promising variations to reproduce the most crucial treemap
representations. Second, we focused on educational tools to
enhance visualization literacy. Since TreEducation is meant to
support students and teachers in their endeavors, we wanted to
understand well-established education methods in game-based
learning and evaluate whether they can be transferred to our
specific domain.

A. Treemap Visualization Techniques

Treemaps have received a lot of research attention. Many
applications have been introduced, which stem from entirely
different domains like network security [31], biology [32], ge-
ography [33], or sports [34]. Recent surveys reviewed the ef-
fectiveness of treemaps [35], categorized possible layout strate-
gies [36], or came up with an overall taxonomy [37].

According to Scheibel et al. there is a distinction between
space-filling treemaps, which exploit the entire screen space, and
containment treemaps, which introduce empty space to commu-
nicate the hierarchical structure better [37]. A famous example
of the latter is PhotoMesa [38]. Currently, TreEducation focuses
on space-filling treemap algorithms. However, the application
can be easily extended to include further variations since the
learning components and interactive features are independent
of the treemap algorithm.

Furthermore, treemaps differ in how the rectangles are po-
sitioned. Scheibel et al. systematically reviewed and catego-
rized different layout algorithms [36]. They concluded that
rectangular two-dimensional layouts are used most often. Since
positioning the rectangles is an optimization problem, alternative
approaches exist for optimizing for different criteria. To reach
a broad audience, TreEducation contains the well-established
rectangular splitting layout Slice-and-Dice [9]. However, since
this technique has been criticized, our software also includes the
Squarify [39] and Strip arrangements [40]. These two algorithms
improve the aspect ratio of the rectangles but are more difficult to
read. An online application using these algorithms is newsmap,
a tool to browse Google News [41].

The BinaryTree layout from the University of Maryland [42]
and the Number-Balanced arrangement from Feng et al. [43]
have been included for a more balanced partitioning of the nodes.
They both allow for a good compromise between a solid aspect
ratio and a good temporal coherence. Furthermore, the Moore
curve [44] layout optimizes the continuity of the rectangles’
positions, whereas the Greedy Insertion [45] aims for more
regular layouts.

Layouts focusing more on time series than on hierarchical
data like Fractal Figures [46], ID-Map [47], or Multiresolution
Grid Layouts [48] are not considered. More exotic arrangements
like three-dimensional, list-focused, or polygonal layouts can
be implemented in the future since they also fit into our overall
application design.

Different coloring strategies can be applied to the rectangles
independently of the layout strategy. Color hue can be used
to distinguish different categories in the data like geographic
location [49]. Also, luminance can be varied to encode attribute
values since it does not conflict with the size of the rectan-
gles [50]. To communicate the hierarchical structure better,
a color gradient can be applied [51]. It seems as if the use
of color is highly task or application-dependent. Therefore,
TreEducation allows the user to introduce color as he/she sees
fit.

In summary, users can apply different rectangular splitting
layouts on hierarchical data. For a simple evaluation, algorithms
optimizing different criteria have been implemented in TreEd-
ucation . Color encoding can be added to the visualization to
improve the hierarchy reading or encode additional information
independent of the underlying layout algorithm.

B. Educational Tools and Visualization Literacy

Although TreEducation focuses on treemap literacy with
specific learning objectives, our goal was to identify promis-
ing gamification elements (highlighted in italics) to transfer
to our education platform. Therefore, this section does not
focus on individual visualization techniques but on a holis-
tic view of data visualization literacy. A detailed investiga-
tion of how well students understand novel data representa-
tions can be found in the state-of-the-art report from Firat
etal. [52].

C’est la Vis is an application to teach basic visualizations
like bar charts at elementary schools [53]. Students can choose
between different scenarios (narrative) and experiment with
different scales and abstraction levels (imposed choice). A pro-
gression bar and some general statistics act as orientation support
(progression, statistics). Furthermore, students can test their
skills in exercises created by teachers (puzzle).

Construct-a-vis is a tablet visualization tool implemented
to support elementary school students in creating free-form
visualizations [54]. Teachers can configure the application to fit
the needs and abilities of the students (narrative). Students can
create, modify, or combine tokens to represent a given data table
(imposed choice). During creation, the data table provides visual
feedback about the suitability of the chosen design (sensation).



TABLE I
ALLOCATION OF GAMIFICATION ELEMENTS: CELLS ARE COLORED IF AN
APPLICATION USES GAMIFICATION ELEMENTS FROM THE RESPECTIVE

CATEGORY
Tool Performance | Ecological Social Personal | Fictional
C’est la progression, imposed
. choice puzzle narrative
Vis statistics
Construct imposed
. choice cooperate sensation narrative
-a-Vis
imposed reputation,
EduFeed acknowledgement choice » puzzle
competition
Visual imposed
. choice renovation
Morphing
Treemap imposed renovation,
R choice narrative
Literacy puzzle
Cheat story-
renovation telli
Sheets 1

Colors are chosen based on the taxonomy of gamification elements. The number of
gamification elements is not encoded in this table. Social and performance based
gamification elements are barely used.

Students may collaborate in a shared working space to solve the
task cooperatively.

A more competitive approach is proposed in EduFeed [55].
After deciding on different activities (imposed choice), students
work on exercises (puzzle) while competing against each other
(competition). Their progress is recorded via badges (acknowl-
edgment) and visible to others (social pressure, reputation).

More complex visualization techniques are taught through
visualization morphing [56]. The idea is to teach an unknown
visualization technique by morphing a previously known visual-
ization (renovation). For example, a simple line chart is morphed
into a spiral layout to teach circular time series visualizations.
The user can interactively choose the sequence of morphing
steps (imposed choice).

A similar idea is proposed by Firat et al. to improve treemap
literacy [10]. A tree and a treemap are shown simultaneously
on the screen. When learning about treemaps, students can re-
late to the easier-to-understand node-link diagram (renovation).
The views can be manipulated interactively (imposed choice,
narrative). After exploring the software, students may solve
a predefined questionnaire to test their knowledge (puzzle).
The application was further improved with additional inter-
action techniques like expanding nodes, a coloring scheme
to communicate the extent of nodes, and a more visible
connection between the node-link diagram and the treemap
view [57].

Less interactive approaches introduce videos [58] or cheat
sheets [59] to teach data visualization. Both approaches focus
on telling a story to explain the underlying concept (storytelling).
Whereas the videos show the same technique with different
data, cheat sheets use familiar representations to teach unknown
visualizations (renovation).

Table I provides a summary of gamification elements used
in the different education platforms to improve visualization
literacy. Although research has shown the usefulness of per-
formance measures like points or social gamification elements
like competition, they are barely implemented in the presented
visualization education tools. TreEducation offers quizzes to
collect points to see the progression and allows for competition
among learners.
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IV. EDUCATIONAL OBJECTIVES

Studies using game-based or gamified learning often neglect
learning theories [60]. However, theoretical foundations are im-
portant to explain the effects of games or gamification elements
on students’ learning processes and outcomes. Based on their
meta-analysis, Wu et al. find that most studies in game-based
learning explain learning as an individual process of experience
in which students construct their cognitive representation of a
learning object and in which learners interact with their social
environment [60]. These considerations strongly follow those
represented in modern learning theories of humanism and con-
structivism [61]. Other learning theories, such as cognitivism or
behaviorism, are mostly neglected.

Against this background, Wu et al. strongly recommend com-
bining ideas of both constructivism and cognitivism to explain
student learning within game-based or gamified learning envi-
ronments [60]. In our study, we are following two theoretical
approaches to formulate educational objectives (EQO). First,
following the elaboration theory of instruction by Reigeluth,
student learning should follow a simple-to-complex sequence
to ensure that the learner is always aware of the context and
importance of the different ideas being taught [62]. Accordingly,
the learning content must be structured from simple to complex
situations or problems.

Second, following constructivist approaches, such as situated
learning theory, student learning can be described by simple
cognitive re-organizations and representations [63], [64]. Learn-
ing is always an individual process where students are actively
engaged and socially interact with their learning environment.
This consideration shifts the focus from simple instructive to
constructive learning. Learning is thus characterized by:

e EO1: A high degree of learner autonomy [65].

e EO2: The solution of authentic problems [66], [67].

e EO3: Learning in multiple contexts [68].

e EO4: Social interaction, in which learners are not passive

recipients but active participants [67].

e EOS: Systematically embedding new knowledge struc-
tures with increasing complexity into their existing cog-
nitive structures [62].

Our learning approach with TreEducation fulfills those ed-
ucational objectives. Students can decide for themselves how
complex the problem to be solved should be (EO1). Students
learn by solving authentic problems (EO2) at their own pace
(EO1). Teachers also have the opportunity to teach not only ab-
stractly, through pure instruction, but to present the learner with
variable problems (EQO2) and let them solve them cooperatively
or on their own (EQ4). This allows students to solve problems
differently and discover solutions (EQ3). With this gamified
and explorative approach, students can connect new knowledge
structures to existing ones at different levels (EOS).

V. THE TREEDUCATION APPLICATION

TreEducation was built around those educational objectives.
The software was implemented using the JavaScript library
D3 [69] and is connected to a PostgreSQL database. It has six
major components (Fig. 1). The user can interact with these
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Selection Menu

Sliceand Dice - |SmallTree -

Fig. 1.

Treemap View

Statistics

Number of nodes displayed: 5
Average Aspect Ratio: 1.78
Worst Aspect Ratio: 3.01 (n3)

J\L

Pseudocode Verbalize

SliceDice(children,parent,mode)

for i to children.length do:

if mode == © then:
alignChildVertical(parent,
children[i].weight)
else:
alignChildHorizontal(parent,
children[i].weight)
SliceDice(children[i],
children[i].children,1-mode)

- Information Space B

J

TreEducation’s six major components are artificially highlighted. Node n6 has been positioned in the Treemap View using the Slice-and-Dice layout

algorithm chosen from the Selection Menu. The current node is highlighted in the treemap and the node-link diagram shown in the Tree View. The Information
Space on the right contains the pseudocode, which emphasizes the current step taken in the algorithm. The Statistics at the bottom provides useful information
about the current status of the treemap. Learners can interactively continue to build the treemap using the Navigation in the lower left corner. For each component,

tooltips are available to provide additional information.

components freely to allow for a self-determined learning expe-
rience (EO1). The application scales well to a high number of
accesses since all calculations are performed on the client side.

A. Selection Menu

The menu (Fig. 1, top) comprises four drop-down lists that
enable the selection of algorithms, datasets, color encodings, or
the option to access interactive quizzes.

Algorithms: We discuss eight different layout algorithms be-
longing to the group of rectangular splitting layouts [36]. The
algorithms have been chosen to cover diverse aesthetic criteria
like aspect ratio, order preservation, or balance. Although this
collection of algorithms serves as a solid foundation for intro-
ducing layout techniques, it is important to note that it is not an
exhaustive list. We intend to expand this selection in the future
to encompass alternative methods.

Datasets: The initial pool of datasets was derived from litera-
ture [9], [39] as well as from our experience in teaching and data
analysis. These datasets encompass a range of diverse charac-
teristics, including variations in the number of data points, their
weights, the depth of the hierarchy, and the overall distribution
of relationships. Providing good examples of datasets to show
the algorithmic behavior effectively supports learners in their
endeavors (EO2) [70].

In cases where users find the current dataset selection insuffi-
cient, they can manually create a node-link tree by adding data

points with different weights and relations onto an empty 2D
plane. The newly created dataset can be saved and utilized with
any layout algorithm. Including this custom data functionality
empowers lecturers to promptly respond to student inquiries in
the classroom (EO4) and demonstrate the distinctive behaviors
of various algorithms using customized data. Also, students can
create infinite datasets to evaluate layout algorithms working
with different data characteristics (EO1, EO5).

Color encodings: Rectangles can be colored to represent
additional information. TreEducation offers five different color
settings. By default, the latest rectangle added during the con-
struction of the treemap is highlighted. This coloring feature
supports users during the step-by-step positioning, focusing on
newly created rectangles.

To improve the understanding of the hierarchical struc-
ture, rectangles can be color-coded based on their subbranch.
A maximum of ten categorical colors are utilized to ensure
clear visual differentiation, leveraging D3’s schemeCategory 10
functionality. Another way to facilitate the hierarchy reading
is by introducing cushions [51]. Each rectangle is encoded
with a color gradient to increase the contrast with neighbor-
ing rectangles. Brighter colors correspond to deeper hierarchy
levels.

The fourth option is to map color to different data charac-
teristics, like the nodes’ order or the rectangle’s aspect ratio.
This allows users to evaluate layout algorithms quickly. For ex-
ample, a consistent gradient across the entire treemap indicates
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Fig. 2. Color options: The same dataset is being displayed with the Slice-
and-Dice algorithm (top row) and the Squarify layout (bottom row). The two
algorithms can be easily compared using different color schemes like aspect
ratio (left) and order preservation (right).

well-preserved node order (Fig. 2). If rectangles are colored red,
the aspect ratio is unbalanced (Fig. 2).

Interactive quizzes: Students can test their knowledge with
three different kinds of quizzes directly integrated into the soft-
ware (EO3, EO4). The selection menu allows users to choose
between a jigsaw puzzle, a randomized quiz, and a competitive
quiz. The supported approaches are described in Section V-F.

B. Tree View

A node-link diagram with a tree layout is displayed to show
the hierarchical data. This representation conveys the topologi-
cal structure better in comparison to treemaps [71]. Therefore,
students do not need additional training to understand the under-
lying data. The nodes in the tree are linked to their corresponding
rectangles in the treemap. Thatis why a previously selected color
encoding is applied to the nodes, too. Also, users can hover
over nodes for a brushing & linking effect. This connection
helps to recognize entities in the two visualizations (renova-
tion). To further support the identification of nodes, labels are
added to indicate the weight and identifier as suggested by Firat
etal. [10].

C. Treemap View

This component is the major view of the TreEducation appli-
cation. It displays the treemap, which depends on the layout
algorithm, the data, and the visual encoding chosen in the
selection menu (Section V-A). The treemap has a resolution
of 4502250 pixels in size. At first, the treemap consists only
of the root node. Rectangles are added to the view depending
on users’ interactions with the navigation area (Section V-E)
(EO4). This incremental construction via a step-by-step process
is proven to be effective for understanding algorithmic behavior
like different layout algorithms (progression) (EOS) [70]. Also,
since the view is linked to the node-link diagram and the current
node is highlighted in both displays, students experience a
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Step 1 Step 2 Step 3

Number of nodes displayed: 4
Average aspect ratio: 1.92
Worst aspect ratio: 2.81 (n5)

Number of nodes displayed: 3
Average aspect ratio: 1.17
Worst aspect ratio: 1.48 (nd)

Number of nodes displayed: 4
Average aspect ratio: 4.51
Worst aspect ratio: 14.52 (n5)

Fig. 3. Strip Layout: Screenshot from the Treemap View and the correspond-
ing Statistics. In step 2, node n5 will be positioned at the current row. However,
since the average aspect ratio worsens (artificially highlighted) compared to the
previous step (step 1), the rectangle will be removed, and a new row will be
created where the rectangle will be placed (step 3).

transformation from the node-link view to the treemap similar
to visualization morphing (renovation) [56].

After adding the first rectangle to the root, summary statis-
tics are displayed underneath the treemap. These comprise the
current number of nodes visible in the treemap, the average
aspect ratio, and the worst aspect ratio with the respective node’s
identifier. This additional information helps to evaluate different
layout algorithms or to understand certain decisions an algorithm
makes when positioning a rectangle.

For example, the Strip layout [40] tries to improve the aspect
ratio based on the current average aspect ratio. Therefore, it has
to decide whether a rectangle should be positioned in the current
row or if a new row has to be created Fig. 3. Thus, positioning a
single node in the treemap involves multiple steps experiential in
TreEducation . First, the algorithm will position the rectangle in
the current row and calculate the new average aspect ratio. Then,
the aspect ratio is compared to the previous average aspect ratio.
If the aspect ratio improves, the rectangle will be kept. If the
aspect ratio worsens, the rectangle will be removed from the
current row, and a new row will be created where the rectangle
will be inserted. The user can experience this entire sequence
of steps accompanied by the relevant statistics and the dynamic
pseudocode or verbal explanation (Section V-D).

D. Information Space

Inspired by previous work on education software solutions
like EduClust [6], [72], we incorporated the pseudocode of
different layout algorithms to explain the algorithmic behavior.
The information space presents the current layout algorithm in
pseudocode (EQ3). The algorithmic steps are shown in a struc-
tured way, being human-readable even without programming
knowledge. The static pseudocode is enriched with dynamic
content to improve the understanding further. Learners can hover
over individual components of the pseudocode to get additional
information. This option allows students to trace the algorithmic
flow in control structures. E.g., variables are resolved to their
actual values to simplify the understanding of decisions made
in certain conditions (Fig. 4).

If this description is still too abstract, the information space
offers the possibility to switch to a verbalization of the indi-
vidual steps of the layout algorithm (imposed choice) (EO3).
Verbalization or natural language explanations are often used
to explain algorithmic behavior (see, e.g., [73], [74], [75]).
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SliceDice(children,parent,mode)

for i to length  do:
if mode N5,N6 then:
alignCh. WL (parent,

children[i].weight)
else:
alignChildHorizontal(parent,
children[i].weight)
SliceDice(children[i],
children[i].children,1-mode)

Fig.4.  Dynamic Pseudocode: A tooltip provides additional information about
variables and functions mentioned in the pseudocode. In this example, the user
hovers over the variable children to see the nodes in this container (i.e., n5 and
nob).

It has been shown that in comparison to other explanation
methods (e.g., visualizations), they are more plausible (i.e.,
convincing) [76] and they increase the accessibility for different
target user groups [77]. According to Ehsan et al. [73], expla-
nations in natural language offer several advantages compared
to other explainability methods. In general, explanations per se
are grounded in natural language communication. Thus, they
are more easily understood by humans, resulting in increased
satisfaction, confidence, and a greater willingness to utilize
autonomous systems (storytelling).

E. Navigation Area

To steer the treemap construction, users can navigate the
automatic layout process with familiar icons and options (im-
posed choice) (EO1). Common media players inspire our design
and interaction concept. Users can step through the process of
layouting rectangles. In each step, a single rectangle is been
positioned. Additionally, users can return to previous states and
experience former steps again (renovation). An interactive slider
can be used to browse through the entire history of algorithmic
steps quickly.

We decided not to animate the individual steps so learners
could experience the algorithm at their own speed. However,
creating the entire treemap at once is possible if they are more
interested in the final result. This feature allows learners to
evaluate entire treemaps efficiently.

E Jigsaw Puzzle and Quizzes

The treemap jigsaw puzzle allows users to construct treemaps
via a drag-and-drop interface incrementally (puzzle). In each
step, the jigsaw puzzle offers two different-sized rectangles
(Fig. 5). Users must choose one and drag it to the final des-
tination (imposed choice). The correct answer depends on the
size of the rectangle and the underlying layout algorithm. A
snapping feature supports the user during the construction,
allowing for minor positioning errors. After dropping the rect-
angle, the application responds to correct answers with a green
color coding for the rectangle (sensation), providing positive
conditioning [78]. According to the self-determination theory,
this extrinsic motivation provides gratification and satisfies the
need for competence. Wrong answers reset the current choices,
and users can try again (renovation). Statistics about the number
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Fig. 5. Jigsaw Puzzle: Users must drag and drop puzzle pieces to their

correct location. The current node which has to be positioned is highlighted
in the node-link diagram. There is always the choice between two alternatives
(step 1 and 5). If the location is chosen wrongly, the system automatically
provides visual feedback (step 2 and 3) and resets the components (step 4). If
the location is correct, the system responds with green colors, locks the puzzle
piece (step 6 and 7), and continues with the next question (step 8).

of correct placements and the overall number of attempts are
shown to provide feedback to the student (points). Compared
to video instructions or reading literature, research has shown
that hands-on puzzles are more engaging and provide a better
learning outcome [79].

The second quiz provides users with an infinite set of random
questions. Those random elements offer a new experience each
time the quiz is played (novel, chance). At the beginning, the
user selects the algorithms he or she wants to answer questions
about. After the selection, the quiz starts in the first of three
levels. The starting questions are about reading and comparing
sizes of rectangles embedded in treemaps constructed with one
of the selected algorithms. The quiz then modifies its difficulty
level in response to the player’s performance (narrative). In
the next level, further questions about the topology of the data
and the relationship between data points will be asked. The last
level increases the complexity of the data. Therefore, the quiz
will dynamically vary to engage users and provide them with
a continuous challenge (level) (EOS). The difficulty level is
shown to the user as an orientation to rate their performance
(progression) together with the ratio of correct and incorrect
answers (points).

The last option is a competitive quiz with a predefined set of
questions (objective). Questions are derived from literature but
adapted to different datasets and layout algorithms and extended
to topological tasks (EO2) [80], [81]. Answers are recorded and
stored in a database. The ratio of correct answers per question
is shown to the player (points). Students can compete with each
other by comparing their scores with other students (compe-
tition). Social groups can be formed by typing in a four-digit
identification number. Only the results of a pre-selected social
group are shown to the user.

G. Gamification Elements

In summary, TreEducation incorporates 14 different gamifica-
tion elements from all five categories introduced in Section II-A.
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Fig. 6.  Gamification Taxonomy: Overview of the different gamification ele-
ments and their amount of use in TreEducation. Color encodes the different
categories, whereas the number of slices indicates the application of each
gamification element individually.

As seen in Fig. 6, social aspects are the least supported elements.
Since students can explore the application freely and choose how
to proceed in their learning process, imposed choice is strongly
represented. Also, familiar visualizations help to understand new
representations, the stepwise layouting process allows students
to go back and forth, and finally, quizzes can be repeated
when giving wrong answers. The software, therefore, supports
learners in transferring already known concepts and knowledge
(renovation).

The possibility to solve puzzles and play quizzes offers the
majority of gamification elements. Besides competition, stu-
dents can also work on solving an objective when working
on the official quiz. Since, in education domains, the lack of
objectives and progression decreases students’ motivation [82]
incorporating different quizzes seems to be beneficial.

VI. USAGE SCENARIO

Both lecturers and students can profit from TreEducation .
Therefore, in our usage scenario, we showcase a visualization
lecture about an introduction to treemaps and how the software
can be used for preparation, execution, self-study, and review of
the lecture content.

First, the lecturer decides on the specific layout algorithm
she wants to teach. In our imagined scenario, she decides on
the Slice-and-Dice algorithm as a simple start to the topic. To
minimize preparation time, she uses TreEducation to set up her
slides quickly. First, she selects the respective layout algorithm
and an available dataset. To introduce the overall topic, she
instantly calculates the resulting treemap in the navigation area
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(Section V-E). The visualization is then copied to the slides from
the Treemap View (Section V-C) to explain the overall idea of
treemaps. As a next step, she copies the pseudocode from the
Information Space (Section V-D) to explain the general idea of
the layout algorithm.

In class, she does not rely solely on slides or drawings
on the blackboard but explains the algorithmic behavior with
TreEducation . Like in the preparation, she selects the Slice-
and-Dice algorithm and an available dataset. However, this time
she executes the algorithmic sequence step by step using the
navigation area. Therefore, the treemap is built incrementally.
The current node is also highlighted in the Tree View (Section
V-B) to support the understanding of the topological structure of
the data. To underline her verbal explanations of each step, she
hovers over the dynamic pseudocode to show additional details
about the nodes and variables.

After running through the entire algorithm, she invites stu-
dents to try TreEducation on their own by running the same al-
gorithm with a different dataset. After familiarizing themselves
with the software and the algorithm, students are encouraged
to try an interactive quiz, specifically the jigsaw puzzle (Sec-
tion V-A). In this setting, students can apply their knowledge
directly and create the treemap with a drag-and-drop interaction,
given the underlying layout algorithm. The software provides
direct feedback about their performance.

At the end of the session, the lecturer summarizes the ad-
vantages and disadvantages of the layout algorithm, referring
to the visualization in the Treemap View together with the
corresponding Statistics. As homework for the following week,
students are asked to try a different layout algorithm, i.e.,
Squarify, and compare it with the Slice-and-Dice algorithm.
Since TreEducation is available online, students can repeat the
steps from the lecture with the Squarify algorithm at home. To
facilitate the comparison between multiple layout algorithms,
TreEducation allows users to visualize multiple treemaps with
their corresponding statistics on the same data using different
algorithms. Having this side-by-side view facilitates the eval-
uation of different layouts and helps students in solving their
homework.

In preparation for the exam, students use TreEducation to
review treemaps. To check their knowledge, they decide to
play an interactive random quiz, which automatically adapts the
difficulty due to their performance. Since some students perform
poorly, they revisit the step-wise construction of treemaps using
their own datasets to have a bigger set of examples. After this
additional preparation phase, they now want to compete against
other students and decide to play the competitive quiz. Since they
can see the performance of other students and also know that
their answers get recorded, they can experience social pressure
similar to an exam condition. Based on their performance in this
quiz, students can decide to continue training using the software
and be more confident about their knowledge.

VII. EVALUATION

TreEducation contains different interactive features and gam-
ification elements. To evaluate the suitability of the software
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for the learning process, we investigated parts of the toolset
separately. We were most interested in our verbalization feature
to simplify the explanation of algorithmic behavior and the con-
sequences of introducing competition as a social gamification
element in an education environment. Therefore, we came up
with two separate user studies.

A. Verbalization versus Pseudocode

The user experiment was conducted in a classroom set-
ting during tutorials accompanying an introductory lecture on
data visualization. Among others, the course curriculum com-
prises the understanding of two different layout algorithms for
treemaps, namely Slice-and-Dice [9] and Squarify [39]. Students
are expected to be able to retrieve and compare values encoded in
treemaps and describe the topological structure of the underlying
data. Being able to implement the algorithms is not part of the
curriculum.

1) Experiment Design: The experiment spanned over two
weeks. In the first week, we applied a pre-test/post-test design
to research differences in knowledge gain of students under two
conditions: verbalization (VB) or pseudocode (PC). Students
were split into two groups working with either VB or PC,
resulting in a between-group design. In the first session, students
were expected not to have prior knowledge about treemaps and,
specifically, the Slice-and-Dice algorithm. Participants in the VB
condition got a verbal explanation of the underlying algorithm,
whereas students in the PC condition had to rely on a dynamic
pseudocode (Section V-D).

Between the first and the second sessions, participants had
the chance to attend a data visualization lecture focusing on
the Slice-and-Dice algorithm and the Squarify layout. Besides
learning how to read the topological structure created by the
two algorithms, the lecture also focused on comparing the two
techniques. Therefore, the concept of a good aspect ratio was
also introduced.

In the second session, participants were not split into two
groups. All students followed the exact same procedure, answer-
ing questions concerning the Strip layout [40], which is not part
of the curriculum. Also, another version of TreEducation was
made available, which contained both the pseudocode of the
algorithm and the corresponding verbalization. Students could
switch between the two explanation methods via the information
space menu tabs. We wanted to see which explanation method
(pseudocode or verbalization) participants choose when being
confronted with a new layout algorithm.

Procedure: At the end of the tutorial session, students could
stay and participate voluntarily in the user experiment. As a
prerequisite, students needed a laptop device with internet access
to run the TreEducation software. The experimenter distributed
the study material to each participant. The material comprised a
consent form, an initial questionnaire, the pre-test, the post-test,
and a final questionnaire. The experimenter was responsible for
keeping track of the time and overseeing the experiment.

At the beginning of the study, participants signed the consent
form and filled out the initial questionnaire asking for demo-
graphic information and their current knowledge level. After

this introduction, the experimenter took the time. Participants
had 10 minutes to work on the pre-test. They were not allowed
to use any help to answer the questions about the Slice-and-Dice
layout algorithm. After the pre-test, the experimenter granted
participants access to the TreEducation software and showcased
the application’s basic features. Following this introduction,
students got another 10 minutes to prepare for the post-test using
a tailored version of TreEducation .

To only focus on the essential parts of TreEducation , features
like selecting layout algorithms or switching between datasets
were removed. As default, the Slice-and-Dice algorithm and a
specific training dataset were selected. Also, options to play
quizzes or customize the coloring of the treemap were unavail-
able. The only possible interaction was the stepwise creation
of the treemap using the arrow buttons. The current node was
highlighted in the tree and the treemap to allow for a visual link
between the two representations. The information space either
showed the algorithm’s pseudocode or the verbal description.
This choice depended on the between-group allocation of the
participants (PC or VB). The post-test took as long as the pre-test
(10 minutes) and contained the same questions; however, to
avoid learning effects, the underlying data was exchanged. The
experiment concluded with a final questionnaire asking 5-point
Likert scale questions about the usefulness of individual features
like the navigation area, or the color highlighting. Additionally,
participants could provide feedback or comments as free text.

The procedure was identical for the second session. Except
that the default algorithm was the Strip layout [40] and that
both groups had access to the pseudocode and the verbalization
component. They could switch between the two descriptions as
they saw fit. The final questionnaire was adapted by swapping
questions about individual features with questions about moti-
vational predictors like perceived enjoyment or competence.

Tasks: We considered tasks provided by VLAT [80],
miniVLAT [81], and the treemap literacy test from Firat et
al. [10] to check the visualization literacy skills of participants.
We had to reformulate certain tasks since we introduced space-
filling, not containment treemaps. Also, questions about layout
algorithms and the topological relationship between nodes were
not sufficiently covered in the aforementioned tests. Therefore,
our new task list ranged from simple size comparisons to reading
topological relationships, understanding different layout algo-
rithms, and constructing a treemap given a certain node-link
diagram. The following list provides one example for each kind
of task participants had to work on.

® Size comparison The number of unique visitors for

<nodel> was more than that of <node2> in 2010.

® Topology <nodel> and <node2> are siblings.

® Understanding Which treemap (<A >, < B>, <C>) cor-

responds to the following node-link diagram?

® Construction Given the following node-link diagram,

please sketch the corresponding treemap.

Data: We used four different data sources. First, we took the
treemap shown in VLAT [80] to replicate parts of the literacy test
and additionally asked questions about the topological relation-
ship of nodes. Second, we used the node-link diagram introduced
in the original paper from Shneiderman [9]. Participants had to



pick the corresponding treemap out of a set of three. Third,
we implemented a simple node-link diagram containing two
inner nodes of equal weight on the first hierarchy level, each
having two or three children, respectively. Users had to build a
treemap given this tree with a specific layout algorithm. For
the training phase with our TreEducation software, we took
the node-link diagram introduced by Johnson and Shneiderman
when explaining treemaps [83].

Participants: We recruited 23 participants (7 female, 12 male,
and 4 NAs) from our data visualization lecture. Their age ranged
from 20-35 years (median age 23). Twelve students reported a
background in computer science, six were enrolled in the social
economic data science track, and five did not report anything.
17 participants were familiar with hierarchical data, 12 with
node-link diagrams, but only 4 with reading treemaps. In the
first session, 20 students participated in the experiment. Eight
of these 20 students also attended the second session, with three
new students joining the participant pool. Therefore, we had a
total of eleven students for the second session. Participants did
not get any monetary compensation.

Hypotheses: Our hypotheses were derived from previous re-
search on education software [72], verbalization [76], [77], and
our experience as lecturers.

e H1: Participants’ performance regarding correct answers
will improve between pre-and post-test when preparing
with the TreEducation software. This is independent of the
preparation condition (VB versus PC). Studies have shown
that the preparation phase supported with education tools
between two tests will help participants to gain additional
knowledge [72].

o H2: Participants’ knowledge gain will be higher in the VB
condition compared to PC. The knowledge gain is mea-
sured in terms of correct answers. Research has shown pos-
itive effects of verbalization in the training phase compared
to more abstract explanation methods [84]. We expect
this to be also true for understanding complex algorithmic
behavior.

e H3: Farticipants favor the VB condition compared to PC.
Verbal explanations are grounded in natural language and
increase subjective preferences like satisfaction or confi-
dence [73]. Therefore, learners are more likely to choose
verbalization over more abstract explanations.

e H4: Participants are motivated using TreEducation to
learn about treemaps. Previous research on education soft-
ware for algorithmic behavior has shown a positive effect
on participants’ confidence and willingness to use such
tools as preparation methods [72].

2) Results: We only report on significant results (p < .05)
from our quantitative analysis and refer to the qualitative feed-
back in Section VII-A3. We used a Wilcoxon signed rank test
with continuity correction to compare the difference in perfor-
mance between the pre-and post-test. Participants’ performance
reflects the number of correct answers in each test.

First Session: Participants worked with the Slice-and-Dice al-
gorithm and had to answer six different questions. Each question
was worth one point, with six points resulting in 100 % correct
answers (Fig. 7). The final questionnaire asked questions about
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Fig.7. Pre-and Post-Test: Comparison between participants’ pre-test and post-
test performance. (Left) Participants performed better in the post-test compared
to the pre-test. (Right) Data points above the diagonal indicate participants who
performed better in the post-test compared to the pre-test. Shape and color encode
the two different experiment conditions. A small jitter was introduced to avoid
overlapping data points.

the perceived usefulness of certain visual features. Specifically,
we asked about the usefulness of showing the node-link diagram
in the Tree View, the dynamic pseudocode or verbalization
method in the Information Space, the stepping feature in the
Navigation Area, the additional coloring to highlight the current
node in the node-link diagram and the treemap, and the labels
added to the nodes.

For the overall performance, post-test scores (M D = 92.5 %,
n = 20) were statistically significantly higher (z = —3.026,
p < .003) compared to pre-test scores (M D = 75 %, n = 20).
The effect size r = ﬁ = 0.67 indicates a strong effect.

For comparing the two experiment conditions (VB and PC),
we calculated the gain between the pre-test and the post-test.
Since the often used normalized gain score (1"’157‘5%) from
Hake [85] has problems modeling a perfect pre-test result (100 %
correct answers) and a possible loss (post-test performance
< pre-test performance), we refer to the normalized change
introduced by Marx and Cummings [86] as our performance
measure (1).

polsfi;fere post > pre
= = (1
. drop post = pre = (1]0) . 0
0 post = pre
st—pre
pmp% post < pre

There was no statistically significant difference between the
two experiment conditions (i.e., PC, VB). The median of the
normalized change for PC was 90 % and for VB 100 %.

When analyzing the final questionnaires, we found no signif-
icant differences between the two experiment groups (i.e., PC,
VB). Therefore, we report the combined results in Table II.

We found a significant difference between the perceived
usefulness of the explanation method in the information space
(PC and VB combined) and the labels added to the node-link
diagram and the treemap. Participants rated the labels (M D = 5,
n = 20) higher (z = —3.19, p < .002) than the information
space (M D = 3, n = 19). The effect size r = ﬁ =0.71 in-
dicates a strong effect. There were no significant differences
between the other visual features.
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TABLE II
FEATURE USEFULNESS. IN THE FINAL QUESTIONNAIRE, PARTICIPANTS RATED
THE USEFULNESS OF THE DIFFERENT VISUAL AIDS EXPERIENCED DURING

TABLE III
MOTIVATIONAL PREDICTORS: SUBJECTIVE RATING OF PARTICIPANTS’
MOTIVATION DURING THE TRAINING PHASE WHEN WORKING WITH

TRAINING TREEDUCATION
Feature St}'(mgly Disagree | Undecided Agree Strongly Predictor Stf'ongly Disagree Undecided Agree Strongly
Disagree Agree Disagree Agree
Tree View 5 % 0 % 20 % 30 % 45 % Enjoyment 0 % 9 % 27 % 54 % 9 %
Information Effort 0 % 0 % 18 % 36 % 45 %
2 21 2 5 % 21 %
Space 6% “ 0% 0 0 Pressure 5% 0% 8% | 18% | 18%
Navigation 15 % 10 % 0% 25 % 50 % Competence 9 % 27 % 9 % 45 % 9 %
Area Prefer VB 9 % 18 % 9 % 27 % 36 %
Highlight 10 % 10 % 5% 25% | 50 %
Labels 0 % 0 % 5 % 35 % 60 %
training with TreEducation . This is independent of the underly-
= ing layout algorithm. Therefore, we can safely state that TreE-
2 — %F’ | ducation helps learners to increase their visualization literacy
E _Eg i : skills about treemaps, confirming H1.
g2 § " As our results indicate, there is no difference in performance
[ 2 ; between participants learning with verbal descriptions (i.e.,
Eg, B3 verbalization (VB)) compared to abstract explanations (i.e.,
© = .
5 i Sl dynamic pseudocode (PC)). Therefore, we cannot confirm H2.
33 8° However, when participants can choose between the two, the
—— ‘ §8 v majority of learners (63 %) decide on natural language, con-
PRE POST 00 02 04 06 08 10

Comparison between pre-and post-test Pre-test: correct answers in percent

Fig.8.  Pre-and Post-Test: Comparison between participants’ pre-test and post-
test performance. (Left) Participants performed better in the post-test compared
to the pre-test. (Right) Data points above the diagonal indicate participants who
performed better in the post-test compared to the pre-test. A small jitter was
introduced to avoid overlapping data points.

Second Session: Participants worked with the Strip layout.
During the pre-and post-test, they had to answer six different
questions compared to the previous session. Each question was
worth one point, with six points resulting in 100 % correct
answers (Fig. 8). The final questionnaire asked participants to
rate whether they used the pseudocode as an explanation method
or the verbalization feature and included questions concerning
the predictors of motivation (i.e., enjoyment, effort, pressure,
competence). Specifically, participants had to rate how much fun
it was working with the software and whether it was interesting.
Additionally, we asked whether they felt anxious while working
with the software or competent after training.

For the overall performance, post-test scores (MD =
66.67 %, n = 11) were statistically significantly higher (z =
—2.32, p < .05) compared to pre-test scores (M D = 50 %,
n = 11). The effect size r = ﬁ = 0.70 indicates a strong ef-
fect.

The results of the final questionnaires can be found in Ta-
ble III.

For the motivational predictors, the invested effort (M D = 4,
n = 11) was statistically significantly higher (z = —2.17,p <
.05) compared to the perceived pressure (M D = 3, n = 11).
The effect size r = 2= = 0.49 indicates a medium effect. There
were no statistically significant differences between the other
motivational predictors.

3) Discussion: When comparing pre-test with post-test re-
sults, we can see a significant increase in performance when

firming H3. We also received feedback to include even more
information in our verbalization, like a short description of the
selected algorithm.

The explanation method (PC, VB) does not influence the
perceived usefulness of the visual aids. People highly appreciate
the visual aids implemented in TreEducation . Especially the
labels added to the treemap and the node-link diagram were
well received. This finding supports the recommendation from
Firat et al. to introduce labeled nodes for a better link between
the node-link diagram and the treemap [10]. A few participants
(27%) commented in the free text to include even more infor-
mation in the labels, like the aspect ratio of the rectangles. We
refrained from implementing this feature because of the limited
space available in smaller rectangles. In a future release, we will
experiment with mouse-over interaction to show more details
while hovering rectangles.

When analyzing the motivational predictors, we can see that
people are barely anxious (45 %) about using the software and
agree that it is interesting (81 %) and fun (63 %). 54 % of the
learners even feel more competent. This subjective assessment
confirms our hypothesis H4.

B. Competition as Social Gamification Element

The user experiment was conducted online via screen sharing
with a video conference system. Since competition as a gamifica-
tion element might influence the learning process positively [87],
[88], [89] and, causing pressure, negatively [90], we wanted
to investigate the consequences specifically in our education
software.

1) Experiment Design: We decided on a between-group set-
ting to split our participants into two groups. Both groups worked
with the same restricted TreEducation software for training.
The control group (CG) got access to the competitive quiz,
which only showed the number of correct and wrong answers.
The experimental group (EG) got a slightly different version



of the quiz, which contained a table showing the participants’
performance and the results of all other participants. To further
increase competition and the social pressure, we ensured that
participants in EG knew each other (e.g., colleagues, family
members, or friends).

Procedure: The experimenter welcomed participants before
they entered their demographic information and previous knowl-
edge of treemaps. After this introduction, the experimenter
explained the TreEducation application and important concepts
about treemaps and hierarchical data. Participants were free to
try the education software. Only the Slice-and-Dice algorithm
was made available without any visual additions like color. To
increase social pressure, participants in the EG condition were
told that their results in the following quiz were made available
to all following participants. All participants could stay in the
training phase until they felt competent enough to complete the
quiz.

The quiz consisted of 15 questions about building treemaps
with the Slice-and-Dice algorithm. Each question was worth 1
point, with 15 points corresponding to 100 % correct answers.
In addition to the task, a result table was present, showing the
current performance of the participant. For the EG condition,
the table was also filled with the asserted answers of the fellow
participants and their names. Results were determined by mim-
icking different kinds of participants. One fellow has almost all
answers correct, except for a few mistakes. Therefore, it is diffi-
cult but possible to beat his/her score. The other fake participants
have a varying number of correct answers to simulate different
performances. Participants could redo the quiz, overwrite their
previous results, or revisit the training phase.

After the quiz, a final questionnaire extrapolated from the
Center of Self-Determination Theory [91] was handed out to
collect information about their perceived motivation. Similar to
the previous experiment, we evaluated effort, pressure, enjoy-
ment, and competence as motivational predictors. We sampled
at least five semantically similar questions, formulated slightly
differently or negated, for each predictor, totaling 23 questions.
All questions used a 7-point Likert scale. Furthermore, partici-
pants could append feedback in the form of free text.

Tasks: Like the first experiment, we challenged participants
with size comparison, topology, understanding, and construc-
tion tasks inspired by previous visualization literacy tests [10],
[80], [81]. However, we incorporated the quiz directly into TreE-
ducation - participants were confronted with the tree view (Fig.
1) and the treemap view, which may visualize an intermediate
construction state and questions requiring the user to explore
the visualizations. Eleven of the 15 tasks instructed participants
to select one of three predefined options, and four demanded
them to interact with the visualizations. Some exemplary tasks
include:

® Size comparison Click on the rectangle representing the

node with the highest weight. (three tasks)

® Topology Click on the node (in the tree view) representing

the lowest common ancestor of the two marked nodes in
the treemap. (six tasks)

® Understanding To what depth is the data visualized in the

treemap? (three tasks)
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TABLE IV
MOTIVATIONAL PREDICTORS: SUBJECTIVE RATING OF PARTICIPANTS’
MOTIVATION AFTER COMPLETING THE COMPETITIVE QUIZ IN TREEDUCATION.

Predictor St}‘ongly Disagree | Undecided | Agree Strongly
Disagree Agree

Enjoyment 0 % 0 % 14 % 86 % 0 %
0 % 0 % 0 % 14 % 86 %

Effort 0 % 14 % 28 % 28 % 28 %
14 % 86 %

Pressure 29 % 57 % 0 % 14 % 0 %
0 % 57 % 14 % 14 % 14 %

Competence 0 % 0 % 29 % 57 % 14 %
0 % 0 % 0 % 29 % 71 %

Gray-colored cells represent the control group’s answers compared to the experimental
group (white cells).

® Construction Click on the area in the treemap where the
next node will be placed. (three tasks)

Data: The data changed between the questions but was kept
simple, with a maximum hierarchy level of five and not more
than 17 nodes. We designed the data for each task individually,
ensuring a weight difference of at least 15 % for size comparison
tasks.

Farticipants: We recruited 14 participants (3 female, 11 male).
Seven knew each other and belonged to the same social group
(family or friends). Their age ranged from 21-49 (median age
23). Four participants reported a computer science background;
three were experienced with data visualization, but no one was
familiar with treemaps.

Hypotheses: Our hypotheses were derived from previous re-
search on motivation [22] and social pressure [92].

e HI: Participants’ perceived motivation is higher in EG
than CG. Research has shown that competition as a gam-
ification element positively influences learners’ motiva-
tion [22].

® H2: Participants’ in EG experience more pressure. Leader-
boards showing the performance of individuals can cause
stress to participants [93]. We expect the same effect to
happen, although we did not include a ranked leaderboard
but a summary table of correct and wrong answers. Since
participants in EG belong to the same social group, we
expect this effect to be even stronger.

® H3: Participants’ performance in terms of correct answers
is higher in EG than CG. Since we expect participants to be
more motivated in the EG condition, they will also perform
better [94].

2) Results: The questionnaire results are summarized in
Table IV and split according to experimental group. A Mann-
Whitney U test reveals a significant difference between the two
experiment conditions given the motivation predictors and the
performance.

Participants in EG experienced significantly more enjoyment
(MD =5, n=14, z = -3.07, p < .005) compared to CG
(MD = 4,n = 14). The effect size r = = = —0.43 indicates
a medium effect. They also invested significantly more effort
(MD =5,n=14, z=—-2.21, p < .05) and felt more com-
petent (M D =5, n =14, z = —2.22, p < .05) compared to
CG (MD =4, n=14). The effect size for both tests was
r = —0.31, indicating a medium effect. There was no significant
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effect for pressure between the experimental groups; however,
there was a slight trend (z = —1.6, p < .2) toward participants
in EG feeling higher pressure (M D = 2, n = 14) compared to
CG(MD =2,n=14).

When analyzing the performance, we found a significant
effectbetween EG and CG. Participants in the EG condition were
more accurate (Mean =99 %, n =14, z = —2.74, p < .01)
than CG (M ean = 81 %, n = 14). The effect size (r = —0.38)
indicates a medium effect.

We received no qualitative feedback in free text for this
evaluation.

3) Discussion: We can see a significant difference in motiva-
tional predictors when comparing the two experimental groups.
Participants exposed to a competitive social group enjoyed the
software more, spent more effort answering questions, and fi-
nally felt more competent. Since pressure is also a motivational
predictor and is not significantly different between the two con-
ditions, we cannot support H2 and can only partially confirm H1.
However, for our TreEducation software, this result is desirable.
Even without social stress, participants perform better in the EG
condition, confirming H3 and seem more motivated to work with
the software.

VIII. LESSONS LEARNED

Based on previous experiences implementing education
tools [72], our current TreEducation development, and after
analyzing the results of our experiments, we are able to compile
the following list of lessons learned when designing education
platforms:

o Visual aids are well received by learners:

Participants evaluated embedding new content into existing
knowledge structures via linking & brushing, accompany-
ing labels, or highlighting relevant aspects as beneficial.

e Steering algorithmic processes supports individual learn-

ing behaviors:
Participants liked the possibility to experience the algo-
rithm stepwise. This finding is further supported by pre-
vious research on algorithm animation [7] and education
software [72].

o Verbalization helps users to understand complex topics and

is preferred over more abstract explanation methods like
pseudocode:
Results did not show a difference in performance when
exposing participants to verbalization versus pseudocode.
Both methods result in significant knowledge gain during
training. However, the subjective preference of participants
favored natural language explanation.

e Competition as a gamification element raises learners’

motivation; however, on the other hand, there is a tendency
to increase social pressure:
Our results are in line with already conducted experiments.
Although there is a benefit to the motivation of competing
participants, there is also a downside. Therefore, designers
must balance the pressure on learners with the expected
gain on a case-by-case basis.

IX. CONCLUSION AND LIMITATIONS

In this paper, we introduced TreEducation as an education
platform to improve visualization literacy for treemaps. The soft-
ware was built around learning theory and supported with gami-
fication elements. In contrast to already existing approaches, our
application supports a broader range of algorithms and design
variations to fit a more diverse curriculum. It is available online
to facilitate sharing across institutions.

Gamification elements were introduced to motivate users to
learn complex concepts and test their knowledge in the same
software environment. The integration of verbalization elements
as explanation support was well received by learners and pre-
ferred over abstract pseudocode descriptions. The results of our
experiment underline our design decisions, showing an increase
in motivation.

Our experiment did not include a comparison of TreEdu-
cation with traditional teaching material like slides or lecture
scripts. Therefore, reasoning about differences in knowledge
gain between the two conditions is currently impossible. We
will repeat the same experiment in upcoming semesters with
a different pool of participants training solely with traditional
teaching material.

We have not investigated the usefulness of TreEducation for
teachers and lecturers. Although our usage scenario showcases
one perspective, a broader view is missing. To start with, we
aim to implement the software in our classrooms to support a
more interactive discussion about treemaps and distribute the
software across multiple institutions to collect more diverse
feedback. Due to the novelty of the software, experience reports
are missing but will be collected in the near future. It will be
interesting to see how different teaching methods incorporate
the software.
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