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Algorithm visualization(AV) refers to the

‘ ChenhUI Ll, :EaSt Chlna Normal UniverSit)f process of presenting the execution
process, data flow, and results of an
algorithm using graphics, charts,
animations, or other visual means. Its

METHODS purpose is to help people better

understand the working principles and
a The participants will be randomly a Both groups of participants will learn e

operational details of algorithms.

After completing the learning process, The BALSA system developed by Brown and
assigned to the experimental about the knowledge points of both groups of participants will be tested Seclgewick in 1984 is recognized as one of the
group and the control group, quicksort, binary search tree, and on their learning outcomes using self- earliest algorithm V|suaI|zat|0|j tOO_IS' \_N'th the

: . . . s advancement of technology, visualization tools
ensuring that both groups do not minimum spanning tree. However, developed test questions specifically such as Zeus. JCAT. Swan. XTANGO. ANIMAL
have significant differences in students in the experimental group will designed for this experiment. Visualgo, ar’]d Alg’OASSi,St have ’emergeci
levels through pre-testing. have the option to use the visualization successively. These tools have not only improved

interface design, interaction methods, and
animation effects but have also made significant
progress in terms of tool diversity and portability.

tool Visualgo for assisted learning.
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G After conducting preliminary eThe level of autonomy need a The NASA-TLX Scale will be used for HYPOTH ESIS

analysis on the quantitative results, satisfaction during the learning process self-assessment of six cognitive

As visualization tools continue to advance, many
researchers and educators have recognized the
immense potential of using visualization techniques
to explain and present algorithm concepts and
processes. However, there is currently a relative lack
of empirical research on how visualization tools
specifically influence algorithm learning and which
features of visualization tools are beneficial.

the participants will be contacted for both groups of participants will be workload dimensions during the X . — . . .
through WeChat and email to measured using the adapted version of learning process for both groups of H1: Visualization tools can enhance the learning effectiveness of algorithms.
iInquire about their willingness to the Basic Psychological Need L "

3 ) . . : . . . J S participants. The overall cognitive BK H2: visualization tools can reduce cognitive workload during algorithm learning.
participate in interviews. Semi- Satisfaction and Frustration Scale.

workload will be calculated by

structured interviews will be weighting these dimensions. BK H3: Visualization tools can enhance autonomy need satisfaction during algorithm learning.

conducted to gather qualitative data.
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The learning effectiveness test consists

of 15 questions. The average number of

- N i N correct answers in the experimental
Visualization] Display [ rl:i?,v';% ] group is 11.6, which is significantly

N J J higher than the control group's 8.88.
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students and 24 participants is from
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The maximum value of cognitive load is The maximum score for the degree of
21. The average cognitive load in the satisfaction of autonomy needs is 5. The

All participants are There is no significant TN
students majoring in m difference in the ability [ By time ] Etate%ents] i R?/ziagj\;cic i
Computer Science levels between the two o L : ) T
= experimental group is 11.05, significantly average score in the experimental group is 3.76,
lower than the control group's 13.06. significantly higher than the control group's 3.16.
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Evaluation of the visualgo visualization tool using the Bende framework, where solid-line boxes represent the elements implemented by visualgo.
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The NASA-TLX scale is a commonly used subjective
workload assessment tool used to evaluate cognitive and
mental load during task execution. It consists of six
dimensions, as shown in the diagram on the right. It can be
observed that the cognitive load in the experimental group
is generally lower than that of the control group.
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ABSTRACT

Algorithm knowledge is abstract and complex. Traditional teaching
methods fail to provide students with an intuitive understanding of
the algorithm execution process, making the learning process dry
and boring. However, visualization tools simulate the algorithm exe-
cution process through graphics, animations, interactivity, and other
means, which can help learners better understand algorithms. In this
paper, through randomized controlled experiments, we found that vi-
sualization tools improve students’ learning outcomes in algorithms,
reduce cognitive load, and increase satisfaction with autonomous
learning. Subsequently, through in-depth interviews, we explain how
the functional features of visualization tools support these findings.
Based on the research results, we summarize and look ahead, aiming
to provide theoretical support for the use of visualization tools in
algorithm education and inspire designers of visualization teaching
tools.

Index Terms: Visualization; Algorithm teaching; Cognitive load;
Self-determination theory; Computer education

1 INTRODUCTION

Algorithm visualization refers to the process of presenting the exe-
cution process, data flow, and results of algorithms using graphics,
charts, animations, or other visual means [5]. In 1984, the BALSA
system developed by Brown and Sedgewick was considered one
of the earliest algorithm visualization tools. With technological
advancements, various visualization tools have emerged, such as
Zeus, JCAT, Swan, XTANGO, ANIMAL, Visualgo, and AlgoAssist.
These tools have not only improved in interface design, interac-
tion methods, and animation effects but have also made significant
progress in terms of tool diversity and portability.

With the continuous development of visualization tools, many
researchers and educators have recognized the tremendous potential
of using visualization techniques to explain and demonstrate algo-
rithm concepts and processes. Some studies have shown that the
experimental groups using visualization tools in algorithm education
achieve better learning outcomes compared to control groups. Other
research has demonstrated the effectiveness of visualization tools in
algorithm education from different perspectives, such as inspiring
interest in learning, increasing classroom engagement, and cultivat-
ing computational thinking abilities. However, there is currently a
lack of empirical research on how visualization tools specifically
impact algorithm learning and which characteristics of visualization
tools are beneficial.

2 METHODS

This study employs an explanatory sequential design and utilizes a
mixed research method that combines quantitative and qualitative
approaches.
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2.1 Quantitative Stage: Randomized Controlled Trial

In the quantitative phase, the study utilizes the Visualgo algorithm
visualization tool. Firstly, it evaluates the tool using the Bende frame-
work and then proceeds with a randomized controlled trial [1, 3].
Prior to the experiment, the participants are randomly assigned to
groups. After conducting t-tests to verify that there is no signifi-
cant difference in the participants’ levels between the experimental
and control groups, a controlled experiment is conducted. Before
this, the participants in the experimental group receive standardized
guidance on using Visualgo to ensure that all participants become
familiar with the tool’s interface, understand its functionalities, and
can use it proficiently.

During the experiment, both groups of participants learn knowl-
edge points related to quicksort, binary search trees, and minimum
spanning trees. Both the experimental and control groups are al-
lowed to refer to printed textbooks and electronic course materials to
review the knowledge points. Additionally, the experimental group
students can use the Visualgo visualization tool for assisted learning.

After the experiment concludes, the learning outcomes of the two
groups of students are evaluated through a questionnaire specifically
developed for this study. Upon completion of the evaluation, the
participants’ cognitive load and the degree of satisfaction of their
basic psychological needs during the learning process are measured
using the NASA-TLX scale and an adapted scale for measuring
needs satisfaction and frustration [2,4]. Furthermore, to ensure
fairness in the study, the control group participants are introduced
to the Visualgo tool and provided with the same guidance as the
experimental group after the experiment concludes.

2.2 Qualitative Stage: In-depth Interviews

In the qualitative phase, deep interviews are conducted. After con-
ducting preliminary analysis of the randomized controlled trial,
emails are sent to the participants in the control group to inquire
about their willingness to participate in the interviews, using WeChat
and email as communication methods. The data collection is pri-
marily carried out through semi-structured interviews. A total of
7 participants from the experimental group agree to participate in
the interviews. The interviews consist of both offline and online
components.

For the offline interviews, the chosen location is familiar to the
interviewees, such as a study room or a café. After obtaining the
interviewees’ consent, an informed consent form is signed, and then
the interview is conducted and recorded.For the online interviews,
Tencent Meeting is used as the platform. After obtaining the inter-
viewees’ consent, an informed consent form is signed electronically
using an electronic signature, and then the interview is conducted
and recorded in the cloud.

3 RESULTS

We conduct independent samples t-tests on the collected experimen-
tal data to explore the relationship between the use of visualization
tools and learning outcomes. Furthermore, we compare the dif-
ferences between the two groups in terms of cognitive load and
satisfaction with autonomous needs. The results, as shown in Fig
1, indicate that students who use visualization tools for algorithmic
learning exhibit better learning outcomes, lower cognitive load, and
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Figure 1: Quantitative results of the randomized controlled trial

higher levels of satisfaction with autonomous needs compared to the
control group, according to the test results.

In order to gain a deeper understanding of the reasons why vi-
sualization tools reduce cognitive load and enhance the sense of
satisfaction with autonomous needs, we conduct qualitative inter-
views to further explore learners’ experiences and perspectives. We
use audio recordings and transcriptions, resulting in a total of 68,394
words of textual data from 7 participants. Next, we analyze these
textual data using thematic coding. The goal of thematic coding is to
identify and organize key themes and patterns that emerge from the
data. Through careful reading and understanding of the interview
materials, we gradually extract and name several important themes
and assign corresponding codes to each theme. This coding system
is based on previous research and theoretical support to ensure ac-
curate description and categorization of the data. The results are
presented in Table 2.

4 CONCLUSION AND DISCUSSION

This study aims to explore the impact of visualization tools on algo-
rithm learning. Firstly, through a randomized controlled experiment,
we use t-tests to compare the learning outcomes, cognitive load,
and satisfaction with autonomous needs of student groups who use
visualization tools and traditional teaching methods for algorithm
learning. The t-test results support the positive role of visualization
tools in algorithm learning. Additionally, students who learn algo-
rithms using visualization tools experience lower cognitive load and
a higher degree of satisfaction with autonomous needs. We also con-
duct qualitative interviews to investigate how the specific features of
visualization tools influence algorithm learning, and present these
findings in coded form in a table. These findings provide important
guidance and references for the development and application of
algorithm education and visualization tools.

Based on the experimental findings of this study, the following
suggestions related to the application and development of visual-

Table 1: Coding Results of Deep Interview Topics

Framework of
Influencing Factors

Category

Secondary Classification

Cognitive Load
Reduction Level

Autonomous Needs
Satisfaction Level

Visual Information
Presentation

Tool Interface
Design

Supplementary
Algorithmic
Knowledge

Language Support

Visual Comparison

Rich Content

Customizability and
Flexibility

User Control and
Navigation

Data Visualization
Interactive Visualization
Aesthetically Pleasing
Color Scheme
Clear Styles
Simplified Layout
Algorithm Reference
Handouts
Synchronized
Pseudocode Animation
Native Language Interface
Multilingual Documentation
and Tutorials
Algorithm Comparison
Visualization
Multiple Algorithm and
Data Structure Examples
Support for
User-Customized Samples
Customization of User Needs
Algorithm Search Functionality
Beginner Usage Guidance
CRUD (Create, Read,
Update, Delete)
Operations on
Data Structures
Control of
Visual Animation Playback

Adjustment of
Visual Animation Speed
Real-Time Notifications

Interruptive Inquiries

Supplementary

Algorithm Exercises

Feedback and
Prompts

ization tools are proposed from different perspectives, aiming to
promote the better use of visualization tools in educational support:

* Promote the application of visualization tools in algorithm
education and teaching practices.

¢ Develop localized and highly customizable platforms for
visualization-based algorithm learning.

* Expand the scope of visualization tool usage in computer edu-
cation.
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