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Abstract

Algorithm development and its implementation by novice programmers in their first or
second year of programming education can be difficult to teach because they often involve
two-dimensional data structures, such as matrices. The use of these data structures requires
both the ability to use nested iterations and the ability to coordinate row and column
indices correctly. While algorithm visualization is commonly suggested as a method for
externalizing intermediate program states and enhancing the understanding of algorithms,
empirical studies have primarily focused on one-dimensional structures, such as sorting
vectors using various algorithms. This study investigates the pedagogical potential of
theory-informed, interactive, matrix-based algorithm visualizations implemented with the
MatrixVis JavaScript library, a reusable web-based framework that provides step-by-step
execution, visual highlighting of matrix operations, and synchronized source code display.
The visualizations were demonstrated during introductory programming lectures and
evaluated using a structured questionnaire (N = 48). Students evaluated the visualizations
positively. The perceived usefulness of animations for understanding algorithms received
a mean rating of M = 4.56, while the clarity of the visual presentation (M = 4.58), step-
by-step execution (M = 4.54), and synchronized code highlighting (M = 4.69) were rated
as particularly supportive. Visualizations of aggregation algorithms were perceived as
the clearest (M = 4.58), whereas visualizations of structural transformations were slightly
more difficult to follow (M = 4.08). These findings suggest that theoretically grounded,
interactive visualizations of algorithms on matrices can provide meaningful pedagogical
support in introductory programming education.

Keywords: algorithm visualization; programming education; interactive learning environments;
matrix algorithms; educational visualization tools; student perception

1. Introduction

Learning algorithms and gaining relevant algorithmic thinking skills during introduc-
tory programming courses present significant challenges for novice students. Understand-
ing algorithmic processes requires learners to mentally simulate program execution, track
variable updates, and follow the changing state of data structures across multiple computa-
tional steps (Robins et al., 2003). These difficulties become even more pronounced when
algorithms operate on two-dimensional data structures such as matrices, where nested
iteration, row and column indexing increase the cognitive demands placed on learners.
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Algorithm visualization has long been proposed as a teaching method to support
the understanding of algorithms by making the intermediate states of data structures and
program execution observable (Brown & Sedgewick, 1984). It is commonly distinguished
from program visualization, where algorithm visualization focuses on conceptual repre-
sentations of algorithmic processes, while program visualization emphasizes the runtime
behavior of specific program executions (Sorva, 2012). In educational environments, these
systems aim to clarify abstract computational processes by making them more concrete,
enabling learners to visualize and understand them. However, previous research sug-
gests that the effectiveness of visualization depends not only on the animation itself but
also on the level of learner engagement and the design of the visualization environment
(Hundhausen et al., 2002; Naps et al., 2003).

Many pedagogical studies focusing on the use of algorithm visualizations in computer
education have concentrated on one-dimensional data structures, particularly various
sorting algorithms working on vectors (Shaffer et al., 2010). In comparison, notably less
attention has been paid to visualizations of algorithms that use two-dimensional data struc-
tures, such as matrices, even though these structures are conceptually more complex and are
frequently present in introductory programming courses. Therefore, this paper examines
students’ perceptions of interactive matrix-based algorithm visualizations developed with
the MatrixVis JavaScript library and demonstrated in introductory programming lectures.

Based on this objective, the study addresses the following research questions:

RQ1. Owverall pedagogical evaluation. How do students evaluate the clarity, useful-
ness, and overall pedagogical support of interactive matrix-based algorithm visualizations
implemented with the MatrixVis JavaScript library?

RQ2. Design-feature-level support. To what extent do specific design features (step-
by-step execution, visual highlighting, and synchronized code display) support students’
perceived understanding of matrix algorithms?

RQ3. Differences across visualization categories. Do students report differences in per-
ceived clarity and usefulness across different categories of matrix algorithm visualizations
(aggregation, search, modification, and structural transformations)?

RQ4. Perceived value of interactivity and reusability. To what extent do students perceive
interactive manipulation and the reusability of matrix-based visualizations as supporting
their engagement and self-directed learning?

2. Literature Review and Theoretical Foundations

This section reviews the theoretical and empirical foundations relevant to the design
and evaluation of matrix-based algorithm visualizations in introductory programming.

2.1. Algorithm Learning as a High-Cognitive-Load Domain

Learning algorithms is inherently cognitively demanding for novice learners. Students
must mentally simulate dynamic state changes during program execution (Robins et al.,
2003). Recent literature reviews on algorithm design education similarly highlight persis-
tent difficulties in abstraction, state tracing, and multi-step reasoning, emphasizing the
need for structured instructional support in early programming courses (Liu et al., 2024).
Understanding algorithms involves following changes in variables, transitions in control
flow, and the evolution of data states over time. Cognitive load increases when learners
move from one-dimensional arrays to two-dimensional matrices because of the greater
interactivity among elements (Sweller, 1988, 2011).

Matrix operations involve nested loops, two-dimensional indexing (the coordination of
rows and columns), and global structural modifications, like row exchanges or transposition.
These operations require learners to integrate symbolic code execution with spatial state
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propagation simultaneously. From a Cognitive Load Theory perspective, such tasks are
characterized by high intrinsic cognitive load due to multiple interacting elements (Sweller,
2011). Without an external representation of intermediate states, students must reconstruct
each transformation step internally, increasing working memory demands. Visualization
systems capable of externalizing the evolution of states may therefore reduce unnecessary
mental simulation and support the understanding of complex matrix-based operations.

2.2. Algorithm Visualization: From Passive Animation to Active Engagement

Empirical findings indicate that visualization alone does not guarantee improved
learning outcomes. Hundhausen et al. (2002), in a meta-analysis of 24 controlled studies,
concluded that the effectiveness of algorithm visualization depends more on learners’
active engagement with the visualization than on the animation itself. This insight was for-
malized in the engagement taxonomy proposed by Naps et al. (2003), which distinguishes
among viewing, responding, changing, constructing, and presenting. The taxonomy was
later extended by Myller et al. (2009) to account for collaborative engagement contexts.
Grissom et al. (2003) empirically demonstrated an engagement gradient: students who
actively responded to visualization prompts achieved significantly higher performance
than those who were passive viewers. Similarly, Fouh et al. (2012) reported stronger
learning outcomes at higher engagement levels, particularly in responding, changing,
and constructing, while also noting that these levels require greater time investment and
cognitive effort. Subsequent studies have similarly confirmed that passive viewing alone is
generally insufficient to produce meaningful learning gains (Shaffer et al., 2010), while visu-
alization combined with structured interaction can improve programming problem-solving
performance (Prasad et al., 2021).

At the responding level, students who answered questions integrated into algorithm
visualizations showed the most consistent improvement (Grissom et al., 2003). This pat-
tern aligns with the generative activity principle of the Cognitive Theory of Multimedia
Learning, which suggests that guided generative activities during learning foster deeper
cognitive processing (Mayer, 2024). In this context, this type of interaction does not neces-
sarily require an externally submitted or spoken response; it may also involve mentally
formulating an answer, predicting the next step, or mentally evaluating the algorithmic
state before the visualization proceeds (Hansen et al., 2002).

At the changing and constructing levels, learners manipulate inputs or build their
own visualizations, which can be interpreted through the lens of Cognitive Load The-
ory: schema construction requires active cognitive processing and structured interaction
with the learning material (Sweller et al., 1998). However, constructing and presenting
activities require substantial intrinsic and germane cognitive load, which may exceed the
available cognitive capacity of novice learners (Fouh et al., 2012). Thus, engagement is not
linearly beneficial; its effectiveness depends on the balance between active processing and
cognitive overload.

Several instructional approaches have attempted to implement these higher engage-
ment levels in practice. Game-based and discovery-oriented approaches, for example, allow
learners to experiment with the behavior of algorithms. Earlier research demonstrated that
a game-based sorting environment enabled students to reduce redundant comparisons
within a sorting algorithm and improve its efficiency through iterative engagement (Végh
& Stoffovd, 2016). Similarly, Yamashita et al. (2016) implemented a visualization system
in which instructors defined visualization policies while learners could input data and
observe the resulting algorithmic behavior. Such scaffolded discovery environments allow
exploration while maintaining instructional guidance. This approach corresponds with
Hmelo-Silver et al. (2007), who argued that inquiry-based learning is effective only when
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appropriate instructional scaffolding is provided. Consistent with this view, recent reflec-
tions on algorithm education emphasize that experiential approaches, such as visualization
and performance experimentation, can make abstract algorithmic processes cognitively
concrete and pedagogically more accessible (Veldzquez-Iturbide, 2025). From an interaction
design perspective, effective learning environments must also make the effects of learn-
ers’ actions clearly observable. Norman’s (1988/2013) concepts of the Gulf of Execution
and the Gulf of Evaluation highlight the importance of transparent system feedback and
interpretable system states in interactive learning systems.

Consequently, the literature does not simply ask whether animation works but rather
under what conditions of engagement, visualization supports learning. In this context,
the MatrixVis framework supports selected forms of engagement, particularly viewing,
stepwise exploration, and changing input values. The possibility of modifying input
data and observing its immediate impact corresponds mainly to the changing level in the
taxonomy proposed by Naps et al. (2003), while step-by-step execution supports guided
exploration of algorithm behavior. The MatrixVis library used in this study combines
these forms of interactivity with synchronized program code highlighting and visual state
updates of data structures.

2.3. Cognitive and Multimedia Foundations of Visualization Design

The effectiveness of algorithm visualization can be further understood through Cogni-
tive Load Theory (Sweller, 1988, 2011) and the Cognitive Theory of Multimedia Learning
(Mayer, 2009). These frameworks emphasize that learning with visual representations is
influenced by how information is structured and presented, particularly when learners
must process multiple sources of information simultaneously.

Cognitive Load Theory distinguishes among intrinsic, extraneous, and germane cog-
nitive load. The inherent complexity of the task determines intrinsic load, while extraneous
load arises from the way information is presented (Sweller et al., 1998). In algorithm
learning tasks, extraneous load may arise when students must coordinate several elements
simultaneously, such as source code, variable values, and changes in data structures. Effec-
tive instructional design, therefore, aims to reduce unnecessary cognitive processing while
supporting meaningful learning activities.

The Cognitive Theory of Multimedia Learning further specifies design principles that
help learners process complex information more efficiently. The signaling principle suggests
that highlighting relevant elements can guide learner attention; the segmenting principle
supports presenting complex processes in learner-controlled steps; and the contiguity
principle emphasizes the coordinated presentation of related information in space or time
(Mayer, 2009; Mayer & Chandler, 2001). In algorithm visualizations, these principles corre-
spond to highlighting active variables or matrix elements, allowing step-by-step execution,
and synchronizing source code highlighting with changes in the visual representation.

Research on algorithm visualization suggests that designs informed by Cognitive Load
Theory and Cognitive Theory of Multimedia Learning are theoretically well supported
and have been associated with improved conceptual understanding and engagement in
several empirical contexts (Lai et al., 2025; Yusuf & Noor, 2023). For example, in several
studies (Végh, 2016a; Végh & Stoffovd, 2017; Végh & Takac, 2017), interactive sorting
animations were implemented that aligned with Mayer’s multimedia principles, and
significant improvements in conceptual understanding were reported. Similarly, Torley
(2009) identified the Cognitive Theory of Multimedia Learning as a primary framework
guiding the design of algorithm visualization in Hungarian programming education.

These design principles are particularly relevant in matrix-based algorithms, where stu-
dents must track multiple index positions, intermediate values, and spatial transformations
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simultaneously. Visualizations that show active elements, incremental state changes, and
the relationship between executed steps may help learners manage this two-dimensional
cognitive complexity.

2.4. Reusable Web-Based Visualization Architectures

The last few years have seen a trend towards building web-based visualization systems
based on HTMLS5 and JavaScript. The web-native approach enables platform-independent
systems and simplifies the integration of web-based visualization systems into learning
management systems (Lee et al., 2025; Liang, 2023). Modern environments build upon
classic debugger-based representations of state by combining execution traces and the
semantic behavior of programs to generate even richer representations of arrays, in addition
to reads, writes, moves, and swaps (Mourato & Santos, 2024). However, a recurring
limitation is fragmentation: many tools are created for specific algorithms or data-structure
concepts and do not provide reusable architectures or systematic classroom validation
(Hansen et al., 2002; Hundhausen et al., 2002; Naps et al., 2003; Shaffer et al., 2010; Vateha
& Simonidk, 2025). Recent examples include visualization systems for lists, stacks, and
trees (Mtaho et al., 2024), web-based platforms for teaching data structures (Vélez-Langs
& Gaspar-Lopez, 2024), tools for observing runtime behavior, such as garbage collection
(Pham et al., 2025), and interactive multimedia environments for algorithm instruction
(Tirahna et al., 2024). Ruzsik (2025a) developed a modular JavaScript library for visualizing
matrix-based algorithms, demonstrating technical feasibility and architectural extensibility,
but without empirical classroom validation. Thus, although reusable architectures have
emerged, their systematic pedagogical validation remains limited.

A second way to evaluate algorithm visualization tools from a system design per-
spective is to examine the types of roles they may provide. Rossling and Freisleben (2002)
distinguished four primary roles in algorithm animation systems: the user, the visualizer,
the developer, and the programmer. The MatrixVis framework (Ruzsik, 2025b) is designed
to support multiple roles simultaneously: it provides an interactive interface for students, a
reusable framework for instructors, and a modular structure for developers. However, like
most other educational visualization systems, the MatrixVis framework does not perform
automatic program-to-visualization mappings for input source code.

2.5. Matrix-Based Algorithm Visualization in Introductory Programming

The empirical literature on matrix-specific algorithm visualization remains relatively
limited. Some studies use two-dimensional arrays in contexts such as dynamic program-
ming or graph theory (Geetha et al., 2024; Halim et al., 2012; Lee et al., 2025), and program
visualization approaches have also been used to support the implementation of data
structures, including matrices (Nathasya et al., 2019). However, most empirical work in
algorithm visualization has focused on sorting algorithms and other linear data structures
(Grissom et al., 2003; Liang, 2023; Végh, 2016a; Végh & Stoffovd, 2017; Végh & Takac, 2017;
Vrachnos & Jimoyiannis, 2014).

Matrix-domain operations involve two-dimensional state propagation and structural
transformations that are distinct from linear iteration patterns. Prior work has exam-
ined alternative visual models of fundamental data structures, such as matrices, to im-
prove instructional clarity (Végh, 2023). However, systematic empirical investigation of
matrix-specific algorithm visualizations in introductory programming contexts remains
comparatively limited.

2.6. Research Gap and Novelty of the Present Study

Recent reviews recognize the instructional potential of algorithm visualization while
also identifying persistent methodological and application-related gaps (Singh et al., 2024).
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Learning Theories

Cognitive Load Theory
Multimedia Leamning
Norman's Usability Model

Constructivist Learning

Prior studies suggest that visualization can support learning when students actively engage
with the system (Fouh et al., 2012; Fu et al., 2025; Grissom et al., 2003; Hundhausen et al.,
2002), that stepwise execution, signaling, and synchronized representations are theoretically
supported by cognitive and multimedia learning principles (Mayer, 2009; Sweller, 1988),
and that web-based systems can improve accessibility and classroom scalability (Lee et al.,
2025; Liang, 2023). At the same time, visualization systems remain heterogeneous in design
and educational application, making comparison across studies difficult (Sorva, 2012).

Within this literature, four gaps are particularly relevant to the present study. First,
most algorithm visualization studies focus on sorting or other one-dimensional struc-
tures, and their findings may not directly generalize to matrix-based operations with two-
dimensional state propagation, nested indexing, and structural transformations (Shaffer
etal., 2010; Végh, 2016a). Second, although modular and technically extensible visualization
systems have been developed, reusable JavaScript-based architectures for matrix-oriented
algorithm visualization remain relatively uncommon and are often presented primarily
as technical systems (Affandi et al., 2016; Halim et al., 2012; Hansen et al., 2002; Lai et al.,
2025; Naps et al., 2003; Pareja-Flores et al., 2009; Ruzsik, 2025a; Sibia et al., 2025; Vateha &
Simonidk, 2025). Third, many visualization systems refer to the Cognitive Load Theory or
the Multimedia Learning Theory, but concrete features such as step control, highlighting,
and synchronized code display are often described functionally rather than through explicit
theory-to-design mapping (Affandi et al., 2016; Jurinova & Berio, 2025; Liang, 2023; Naps
et al., 2003; Pareja-Flores et al., 2009; Perhac & Simoniék, 2022; Vateha & Simonak, 2025; Wei
et al.,, 2021). Fourth, although several recent algorithm visualization tools and frameworks
have been proposed, their classroom-based validation remains limited. Many studies focus
on technical design or perceived usefulness, while fewer examine their use in authentic
higher education programming courses with systematic student data (Bende, 2022; Halim
et al., 2012; Jurinova & Berio, 2025; Lee et al., 2025; Liang, 2023; Perha¢ & Simoniak, 2022).

The novelty of the present study lies in the combination of four elements. First, it
focuses specifically on matrix-based algorithm visualization in introductory programming,
thereby extending algorithm visualization research beyond the dominant focus on one-
dimensional structures. Second, it evaluates a reusable, modular JavaScript framework
originally developed as a technical contribution but not previously subjected to structured
classroom evaluation. Third, it provides an explicit theory-to-design mapping between
Cognitive Load Theory, Multimedia Learning Theory, usability concepts, and concrete
visualization features. Fourth, it provides a systematically documented classroom-based
perception study, framed as an initial validation of perceived usability and pedagogical sup-
port rather than as evidence of causal learning effects. Figure 1 summarizes the alignment
between the theoretical frameworks, the resulting design principles used in the MatrixVis
library, and the hypothesized pedagogical outcomes.

(AN
Design Principles ( ‘ Hypothesized Pedagogical Outcomes
Step-by-Step Execution Expected Support for Algorithm Tracing
MatrixVis A
1 Element Highlighting Visualization Expected Reduction in Unnecessary Mental Simulation
Framework | ~
Index and Loop Highlighting Expected Support for Conceptual Understanding
Code-Matrix Synchronization \ ) Expected Support for Code-Data Correspondence
. >

Explicit Algorithm State Visualization

Interactive Input Modification

Figure 1. Conceptual alignment between learning theories, implemented design principles, the
MatrixVis visualization framework, and hypothesized pedagogical outcomes.
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3. The MatrixVis Framework

The MatrixVis JavaScript library serves as the basis for all visualizations used in this
paper. The core implementation originated from a master’s thesis (Ruzsik, 2025a), extend-
ing earlier one-dimensional visualization prototypes (Végh, 2016a, 2016b). The present
study focuses on the pedagogical design, classroom implementation, and perception-based
evaluation of matrix-based visualizations developed within this framework.

3.1. Architectural Design

The MatrixVis framework (Ruzsik, 2025b) has been implemented as a lightweight,
extensible, JavaScript-based system for creating interactive visualizations of simple vector
and matrix operations. It allows the seamless integration of interactive visualizations
into web-based learning platforms without requiring additional software downloads or
hardware dependencies. Because the system runs natively in web browsers, it supports
cross-platform use. The architecture of the MatrixVis framework is illustrated in Figure 2.

Execution Control

~
Controller h

continuous play / pause animation

step execution (forward / backward)

User-Defined Algorithms multi-step execution (forward / backward)
external algorithm definition reset animation to default state
step() functions controlling visualization | \fzxecution of user step() functions )

Visualization Model

4 .
MatrixData

shared visualization data model/
I

v v v

MatrixElement

e N [

represents a matrix cell

. : N [ ’ A
Matrix ‘ ‘ MatrixCode ‘ ‘ MatrixButton
represents a matrix structure displays algorithm source code ‘Kp

rovides control buttons/

stores cell value and visual state stores matrix elements (MatrixElement[][]) \highlights executed code lines

supports highlighting

| supports access and update of elements
\.

Rendering Layer

‘/ CanvasRenderer

renders visualization objects

updates graphical state

’

‘ HTMLS Canvas Context 1

Figure 2. Layered architecture of the MatrixVis visualization framework.

The system consists of three primary layers: the execution control layer, the visual-
ization model, and the rendering layer. In the implementation, these layers are realized
through several cooperating classes, including Controller (execution management), Matrix
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and MatrixElement (matrix state representation), MatrixCode (code highlighting), Ma-
trixButton (user interaction controls), and CanvasRenderer (visual rendering). Algorithms
to be visualized are defined externally through user-implemented step() functions, while
the framework manages execution flow, visualization state, and graphical rendering.

Within the execution control layer, MatrixVis manages algorithm execution as a se-
quence of discrete, visually interpretable steps. Instead of executing algorithms as mono-
lithic procedures, they are decomposed into atomic operations (e.g., element comparison,
assignment, swap, and index update), each represented as a state transition that can be
synchronized with the visualization layer. This modular, step-based execution improves
pedagogical transparency by exposing intermediate computational steps and also supports
extensibility, as new algorithms can be implemented by defining their execution logic in
terms of these basic operations. The execution control layer includes mechanisms that
allow users to navigate the visualization step by step, move backward to previously exe-
cuted states, replay portions of the visualization, or pause it. This step-based structure can
support the changing level in the engagement taxonomy proposed by Naps et al. (2003)
when learners are allowed to manipulate input values and explore the execution forward
and backward.

At the visualization layer, MatrixVis employs dynamic matrix state rendering to
represent algorithmic transformations in real time. The visualization model maintains an
internal data representation of the current matrix state and continuously synchronizes it
with the rendering layer. Whenever an operation modifies the matrix, the rendering module
updates the affected elements. Visual highlighting of active indices, compared elements,
and modified cells is coordinated with execution steps to reinforce the correspondence
between the highlighted source code and structural matrix transformations.

These architectural decisions are aligned with the instructional requirements discussed
in Section 2, particularly controlled execution, state visibility, and incremental transformation.

Figure 3 illustrates an example of an algorithm visualization created with the MatrixVis
framework, along with its annotated main interface components.

Representation of matrices with different

Source code or pseudocode background colors of their elements
with the highlighted step (e.g., yellow is used to copy elements)

Row and column
T ~
indices of the elements

Loop control variables~

e~

/ 46 (33|20 | 2 laz
254
/ 9 |13 (324425

\\\ for (int i=0; i<=2; i++) {

for (int j=0; j<=4; j++) {
t[31[i] = m[i1(3];

48| 7 [41]30] 12

The values some of
the elements

can be changed

even during the

execution of algorithms

| g

Playing the whole animation  Reseting the animation One step forward
continuously to the starting state or backward

Figure 3. Example of a MatrixVis algorithm visualization with annotated interface components.
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3.2. Theory-Informed Design Mapping

Table 1 summarizes the mapping between cognitive principles and their implemen-
tations within the MatrixVis framework. This mapping shows a transparent alignment
between theory and design, which differentiates the framework from purely technical
visualization tools.

Table 1. Theoretical-to-Design Mapping of MatrixVis Features.

Cognitive Principle MatrixVis Feature

Visual isolation of active matrix cells and focused
presentation of currently relevant elements intended to
reduce extraneous cognitive load

Cognitive Load Theory—Reduction in
extraneous load

Cognitive Load Bidirectional step navigation (forward and
Theory—Learner-controlled pacing backward stepping)

Highlighting of the currently processed element

Signaling Principle (Mayer) (color emphasis)

Manual “next step” control during

Segmenting Principle (Mayer) algorithm animation

Synchronized highlighting of code lines and
Contiguity Principle (Mayer) corresponding matrix operations to maintain spatial
and temporal contiguity

Students can define custom matrix inputs and modify
Constructivist Learning Orientation element values during execution, supporting
exploratory interaction with algorithm behavior

Immediate Feedback (Inquiry-Based Immediate visual feedback after each algorithmic step
Learning orientation) and after permissible element modification

Explicit step-by-step algorithm navigation and
controlled manipulation of matrix elements before and
during execution, enabling users to perform intended
actions directly

Gulf of Execution reduction (Norman)

Clear visualization of intermediate algorithm states
and the ability to revisit previous execution steps,
supporting interpretation, reflection, and

error analysis

Gulf of Evaluation reduction (Norman)

Persistent display of the matrix, indices, and other

T f algorithmic stat .
ransparency of algorithmic state relevant variables

Active Learning Facilitation User-initiated execution control and state revisitation

Element editing disabled after algorithmic interaction

State consistency preservation . .
(comparison, swap, and assignment)

This structured alignment enables critical evaluation of the instructional logic under-
lying the system. It clarifies how MatrixVis operationalizes selected cognitive, multimedia,
usability, constructivist, and inquiry-oriented principles through concrete visualization fea-
tures, without treating these principles as directly measured outcomes in the present study.

3.3. Implemented Animation Categories

To demonstrate the capabilities of the MatrixVis framework, a set of interactive al-
gorithm visualizations was implemented, covering fundamental operations on both one-
dimensional arrays (vectors) and two-dimensional arrays (matrices). These animations
were designed to represent common introductory programming tasks that require students
to reason about iterative processing, conditional operations, and structural transformations
of data structures.
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The first group consists of visualizations operating on one-dimensional arrays (Végh,
2025a). These animations illustrate fundamental algorithmic patterns commonly introduced
in early programming courses, including aggregation, search, filtering, copying, reversing,
and sorting tasks. These vector-based visualizations were primarily used during lectures to
support conceptual explanations. However, they were not included in the empirical study
of student perceptions reported in this paper.

The second group consists of visualizations operating on two-dimensional arrays
(Végh, 2025b). These animations extend the same algorithmic ideas to two-dimensional
structures, introducing additional cognitive complexity through nested iteration, row—
column indexing, and structural transformations. The implemented matrix-based an-
imations include aggregation operations (e.g., summing matrix elements), conditional
evaluation tasks (e.g., counting elements satisfying a condition), element modification
procedures, search tasks (e.g., finding the position of a given value or the minimum ele-
ment), row and column manipulation, structural transformations such as mirroring and
transposition, and sorting procedures. These matrix-based algorithm visualizations were
presented during the lectures and subsequently used in a student perception survey. The
following section describes the methodology used to evaluate students” perceptions of
these visualizations.

4. Methodology

This study investigates students” perceptions of interactive matrix-based algorithm vi-
sualizations (Végh, 2025b) created with the MatrixVis JavaScript library (Ruzsik, 2025b) and
demonstrated during introductory programming lectures in April 2025. The methodologi-
cal design follows a perception-based evaluation approach commonly used in algorithm
visualization research, focusing on students’ perceived clarity, usefulness, and instructional
support of the visualizations. The empirical investigation was conducted using a structured
questionnaire administered after students observed several algorithm visualizations during
lectures. The questionnaire collected both quantitative Likert-scale responses and qualita-
tive open-ended reflections. The methodological components of the study are described in
the following subsections.

4.1. Study Design and Context

The study was conducted during a university-level introductory programming course
in the second semester, following an introductory programming course in the first semester.
The course covered sorting one-dimensional arrays using various sorting algorithms, re-
cursion and recursive algorithms, matrix data structures, several basic matrix operations,
backtracking techniques, and dynamic data structures. During two lectures focusing on
matrix-based algorithms, a set of interactive visualizations (Végh, 2025b) created with
the MatrixVis library (Ruzsik, 2025b) was demonstrated to students. The visualizations
illustrated typical algorithms for matrix operations, including aggregation, conditional eval-
uation, search algorithms, element modifications, and structural transformations such as
mirroring, transposition, and sorting. During the demonstrations, the algorithms were exe-
cuted step by step, with the corresponding matrix elements and relevant parts of the source
code highlighted. Immediately before the questionnaire was administered, a brief recap of
several animations was provided to refresh students’ memories of the visualizations.

The aim of the study was not to compare the effectiveness of different instructional
approaches or to establish causal learning effects, but rather to provide an initial perception-
based evaluation of the pedagogical usefulness of matrix-based algorithm visualizations in
an authentic classroom setting.
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4.2. Participants

Participants in the study were first-year undergraduate computer science students
enrolled in an introductory programming course in which the visualizations were demon-
strated. The total course enrollment was 65 students, including 53 from the Applied
Informatics program (47 male, 6 female) and 12 from the Teacher Training in Informatics
program (9 male, 3 female). Participation in the survey was voluntary and anonymous.

In total, N = 48 responses were collected and included in the analysis, corresponding
to a course-enrollment-based response rate of 73.8%. Of these responses, 39 were from
students in the Applied Informatics program, and 9 were from students in the Teacher
Training in Informatics program.

4.3. Instrument

Data were collected using a structured questionnaire developed to evaluate students’
perceptions of the matrix-based algorithm visualizations. The instrument consisted of 14
Likert-scale items (5-point scale: 1 = not at all/very poor, 5 = completely/excellent) and 6
open-ended questions.

The Likert-scale items were organized into four conceptual blocks aligned with the
research questions: overall pedagogical evaluation, design-feature-level support, perceived
clarity across visualization categories, and perceived value of interactivity and reusabil-
ity. The questionnaire was partly informed by technology acceptance research, in which
perceived usefulness and perceived ease of use are considered central subjective factors
in users’ acceptance of information systems (Davis, 1989). In the present educational con-
text, these constructs were not used to implement a full Technology Acceptance Model
instrument but rather to provide a conceptual rationale for including perception-based
items. The items, therefore, focused on students’ perceived clarity, usefulness, visual trans-
parency, step-by-step execution, synchronized code highlighting, and the anticipated value
of interactive input manipulation.

The open-ended questions allowed students to identify particularly helpful or difficult
visualizations and to suggest additional algorithm types for future implementation. These
responses were analyzed using inductive coding of the open-ended responses.

The instrument was designed to capture theory-informed design features at the level of
perceived pedagogical support rather than as direct cognitive measurements. Accordingly,
no standardized instrument for measuring cognitive load was used. Direct cognitive-load
assessment would require dedicated measures, such as Paas’s nine-point mental-effort
rating scale (Paas, 1992) or multi-item instruments distinguishing intrinsic, extraneous,
and germane cognitive load (Leppink et al., 2013). Because the aim of the present study
was to evaluate students’ perceived support after classroom demonstrations rather than to
experimentally compare instructional conditions, cognitive load was addressed through a
theory-informed design and indirect perception-based evaluation only. The full question-
naire is provided in Appendix A.

4.4. Procedure

The visualizations were demonstrated across two lecture sessions held over a two-week
period. The questionnaire was administered in the third week, following a short recap
demonstration that refreshed students” memories of the animations. To maintain transparency
between the research questions and the measurement design, questionnaire items were
grouped into conceptual blocks that reflect the constructs examined in this study. Table 2
summarizes the alignment between the questionnaire items and the research questions.
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Table 2. Questionnaire Structure and Research Question Alignment.
Questionnaire Block Item Numbers Description
RQI. Oyerall pedagogical 1,2,3,14 Perceived clarity and instructional usefulness
evaluation
RQ2. Design-feature-level 456 Signaling (visual highlighting), segmentation (stepwise
support T execution), contiguity (synchronized code display)
RQ3. Differences across 7,8,9,10 Aggregation, search, modification, structural transformation

visualization categories

RQ4. Perceived value of

Perceived support for engagement and independent

interactivity and 11,12,13 .

reusability (self-regulated) learning

Qualitative reflection that 15-20 Open-ended reflections on particularly helpful or difficult

supports RQ1-RQ4 visualizations and suggestions for additional algorithm categories
5. Results

This section presents the results of the student perception survey. The analysis is
organized according to the research questions defined in the Introduction. Because the
questionnaire used individual five-point Likert-type items, the analysis was planned with
attention to the ordinal nature of Likert-scale responses and the long-standing methodolog-
ical debate concerning their treatment in statistical analysis (Jamieson, 2004; Sullivan &
Artino, 2013). Descriptive statistics were calculated for all questionnaire items. One-sample
Wilcoxon signed-rank tests were used to examine whether item ratings differed significantly
from the neutral midpoint of the Likert scale (3), while differences among visualization
categories were analyzed using the Friedman test.

Before deciding whether item scores should be combined, internal consistency was
examined for the conceptual questionnaire blocks. Only the visualization-category block
(Q7-Q10) showed good internal consistency (Cronbach’s o = 0.832). The remaining blocks
did not show sulfficient internal consistency for scale aggregation: the design-feature block
(Q4-Q6) showed low internal consistency (Cronbach’s « = 0.494), the interactivity and
reusability block (Q11-Q13) showed low internal consistency (Cronbach’s « = 0.358), and
the overall pedagogical evaluation block (Q1, Q2, Q3, Q14) was not suitable for aggregation
because the corrected item-total correlations were near zero or negative, ranging from
—0.208 to 0.064. Therefore, items from blocks with insufficient internal consistency were
analyzed and interpreted at the individual-item level rather than being grouped into
composite scores.

5.1. Overall Pedagogical Evaluation (RQ1)

Research Question 1 examined how students evaluated the overall pedagogical use-
fulness of the interactive matrix-based algorithm visualizations. Four questionnaire items
addressed this aspect: the clarity of algorithm explanations (Q1), the perceived usefulness
of the animations for understanding the algorithms (Q2), the perceived difficulty of under-
standing the algorithms without animations (Q3), and the overall instructional support of
the visualizations (Q14).

As Table 3 shows, students evaluated the pedagogical usefulness of the visualizations
very positively. The clarity of algorithm explanations received a high rating (M = 4.40,
SD =0.79), similar to the overall instructional support of the visualizations (M = 4.40,
SD = 0.77). The perceived usefulness of the animations for understanding the algorithms
obtained the highest score (M = 4.56, SD = 0.65). One-sample Wilcoxon signed-rank
tests indicated that all evaluated items were rated significantly above the scale’s neutral
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midpoint (3). The strongest evidence against the neutral midpoint was observed for the
perceived usefulness of the animations (Z = 6.058, p < 0.001). Students also indicated
that understanding the algorithms without animations would have been more difficult
(M =3.33, SD = 1.02), which was still significantly above the neutral level.

Table 3. Descriptive statistics and one-sample Wilcoxon signed-rank test results for overall pedagogi-
cal evaluation (RQ1).

Item Mean  Std. Dew. V4 p
Q1l—clarity of explanations 4.40 0.792 5.661 <0.001
Q2—usefulness of animations 4.56 0.649 6.058 <0.001
Q3—difficulty without animations 3.33 1.018 2.220 0.026
Q14—overall instructional support 4.40 0.765 5.804 <0.001

5.2. Design-Feature-Level Support (RQ2)

Research Question 2 examined how specific visualization design features supported
students” understanding of the algorithms. Three questionnaire items addressed this
aspect: the clarity of the animations’ visual presentation (Q4), the usefulness of step-by-step
execution (Q5), and the highlighting of the source code during the animations (Q6).

Table 4 summarizes the results. Students evaluated all examined visualization design
features very positively. The clarity of the visual presentation of the animations received
a high rating (M = 4.58, SD = 0.71), and the step-by-step execution of the algorithms was
also perceived as highly helpful (M = 4.54, SD = 0.58). The highest rating was obtained for
source code highlighting during the animation (M = 4.69, SD = 0.59). One-sample Wilcoxon
signed-rank tests indicated that all evaluated design features were rated significantly above
the neutral midpoint of the scale (3), suggesting that students perceived these visualization
elements as highly supportive of understanding the visualized algorithms.

Table 4. Descriptive statistics and one-sample Wilcoxon signed-rank test results for design-feature-
level support (RQ2).

Item Mean  Std. Dew. V4 p

Q4—clarity of visual presentation 4.58 0.710 6.079 <0.001
Q5—step-by-step execution 4.54 0.582 6.120 <0.001
Q6—source code highlighting 4.69 0.589 6.247 <0.001

5.3. Differences Across Visualization Categories (RQ3)

Research Question 3 examined whether students perceived differences in the clar-
ity and comprehensibility of the animations across different categories of matrix-based
algorithms. Four questionnaire items addressed this aspect: animations demonstrating
aggregation tasks (Q7), search tasks (Q8), modification tasks (Q9), and structural transfor-
mations of matrices (Q10). The four items showed good internal consistency, Cronbach’s
o = 0.832. However, because the research question focused on differences between visual-
ization categories, the category ratings were preserved as separate variables and compared
using the Friedman test rather than being aggregated into a composite score.

As Table 5 shows, students evaluated the animations’ clarity positively across all
algorithm categories examined. Animations demonstrating aggregation tasks received the
highest rating (M = 4.58, SD = 0.71), followed by modification tasks (M = 4.48, SD = 0.88)
and search tasks (M = 4.42, SD = 0.85). Structural transformations received slightly lower
ratings (M = 4.08, SD = 1.05), although they were still evaluated positively. The latter may
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reflect the greater conceptual complexity of algorithms with matrix transformations, such
as mirroring, transposition, or sorting.

Table 5. Students’ evaluation of animation clarity across different algorithm categories.

Item Mean Std. Dew.
Q7—aggregation tasks 4.58 0.710
(Q8—search tasks 4.42 0.846
Q9—modification tasks 4.48 0.875
Q10—structural transformations 4.08 1.048

A Friedman test revealed a statistically significant difference in perceived clarity across
algorithm categories, x%(3) = 18.579, p < 0.001, Kendall’s W = 0.129. Bonferroni-corrected
post hoc comparisons showed a significant difference between aggregation tasks (Q7)
and structural transformations (Q10), adjusted p = 0.023. No other pairwise comparisons
were statistically significant after correction. Animations demonstrating aggregation tasks
received the highest ratings (mean rank = 2.77), while animations illustrating structural
transformations received the lowest clarity ratings (mean rank = 2.01). Structural trans-
formations involve more complex spatial changes, which may explain their slightly lower
clarity ratings.

5.4. Perceived Value of Interactivity and Reusability (RQ4)

Research Question 4 first examined students’ perceptions of the potential value of
interactive features in the animations (Q11). During the lecture demonstrations, it was
shown that certain matrix elements could be dynamically modified, allowing different
input values to be tested. Students were therefore asked to estimate how the possibility of
experimenting with such interactive features might support their understanding.

Two additional questionnaire items examined the perceived usefulness of the ani-
mations for independent learning. Students indicated that they would likely revisit the
animations for self-study (Q12) and that the visualizations could support preparation for
homework assignments or examinations (Q13).

Table 6 shows the results. Students indicated that the possibility of experimenting with
dynamically modifiable inputs could support their understanding (M = 3.90, SD = 1.08).
Similarly, students reported that they would likely revisit the animations for independent
study in the future (M = 3.90, SD = 1.04). The perceived usefulness of the animations
for preparing for homework assignments or examinations received the highest rating
among these items (M = 4.48, SD = 0.62). One-sample Wilcoxon signed-rank tests showed
that all three items were rated significantly above the neutral midpoint of the scale (3),
indicating that students perceived both the potential interactivity and the availability of
the animations for self-study as valuable learning support. These findings suggest that
students not only value the visualizations during lectures but also perceive them as useful
resources for independent learning and exam preparation.

Table 6. Descriptive statistics and one-sample Wilcoxon signed-rank test results for perceived value
of interactivity and reusability (RQ4).

Item Mean Std. Dew. V4 P

Q11—expected usefulness of interactive manipulation 3.90 1.077 4191 <0.001
Q12—likelihood of revisiting animations for self-study 3.90 1.036 4.417 <0.001
Q13—usefulness for homework or exam preparation 4.48 0.618 6.040 <0.001
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5.5. Qualitative Analysis of Open Responses

The questionnaire included six open-ended questions that asked students about their
perceptions of helpful and challenging animations and sought suggestions for additional
algorithms. The responses were analyzed using inductive coding, in which individual re-
sponses were first assigned descriptive codes at the concept level (e.g., minimum, counting,
and mirroring) and subsequently grouped into broader thematic categories that reflected
algorithm types and perceived characteristics of the visualizations. The coding scheme
was developed inductively from the responses and then applied independently by two
authors. Because multiple codes could be assigned to a single response, the coding was
transformed into binary code-presence variables. For each response and each possible
code within the corresponding question, a value of 1 indicated that the coder assigned the
code, whereas 0 indicated that the code was not assigned. Cohen’s kappa indicated high
intercoder agreement for descriptive codes, k = 0.889, SE = 0.016, p < 0.001, and for broader
themes, k = 0.927, SE = 0.015, p < 0.001. This high level of intercoder agreement strengthens
the dependability of the qualitative coding process and supports the trustworthiness of the
resulting thematic structure. Discrepancies and ambiguous cases were discussed and re-
solved through consensus before the final theme frequencies were calculated. The resulting
broader themes and their frequencies are summarized in Table 7.

Aggregation tasks (Q15): As Table 7 shows, specific aggregation task animations were
identified as helpful in 15 coded theme mentions, while 14 theme mentions contained
general positive comments about aggregation task animations. The specific operations
mentioned included determining the minimum or maximum value (8 mentions), counting
elements satisfying a condition (5 mentions), and summing matrix elements (4 mentions).
These comments correspond with the quantitative findings reported in Section 5.3, where
aggregation-related animations received the highest clarity ratings among the evaluated
algorithm categories.

Search tasks (Q16): Search-related visualizations received 16 coded theme mentions
containing general positive comments and 13 theme mentions in which a specific search task
animation was identified as helpful. The specific examples mentioned included determining
the position of a given value (10 mentions) and locating the position of the minimum
element in the matrix (5 mentions). These responses suggest that the visualizations helped
students follow how index variables changed during the execution and how conditional
checks influenced the search process.

Modification tasks (Q17): As Table 7 shows, specific modification task animations were
identified as helpful in 19 coded theme mentions, while 9 coded mentions contained general
positive comments about modification task animations. Three responses explicitly indicated
that no modification task animation was found to be particularly helpful. The specific
operations mentioned included swapping columns (16 mentions) or rows (11 mentions),
modifying all elements of a given row (2 mentions) or column (2 mentions), and setting
the values of a row or column to zero (2 mentions). These responses suggest that the step-
by-step visualizations helped students observe how assignment operations and structural
updates directly changed the matrix’s state.

Structural transformations (Q18) and perceived difficulty (Q19): Specific structural trans-
formation animations were identified as helpful in 26 coded theme mentions, while 8 coded
mentions contained general positive comments about structural transformation animations.
The examples mentioned included mirroring (14 mentions), transposition (10 mentions),
sorting (6 mentions), and sorting via a one-dimensional auxiliary array (1 mention). At
the same time, Q19 showed that difficulties were most often related to structural trans-
formation animations, with 20 coded theme mentions referring to this type of difficulty.
In contrast, 16 responses explicitly stated that no animation was difficult to follow. At
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the operation level, the most frequently mentioned difficult operation was in-place matrix
sorting (10 mentions), followed by mirroring (5 mentions), sorting in general (3 mentions),
sorting via a one-dimensional auxiliary array (3 mentions), and transposition (2 mentions).
In addition, one mention referred to difficulty following the source code, and one mention
referred to difficulty related to prior mathematical knowledge. The increased difficulty
may be attributed to more complex spatial changes and the need to modify multiple matrix
elements simultaneously during algorithm execution. These qualitative observations align
with the quantitative findings in Section 5.3, where visualizations of algorithms involving
structural transformations received slightly lower clarity ratings than visualizations of
other algorithm categories.

Table 7. Frequency counts of broader themes identified in the open-ended responses.

Item Broader Theme Frequency
Q15 A specific aggregation task animation was helpful 15
Q15 General positive comment about aggregation task animations 14
Q15 None of the aggregation task animations was identified as helpful 3
Q15 Response referred to a different animation category 1
Q16 General positive comment about search task animations 16
Q16 A specific search task animation was helpful 13
Q16 None of the search task animations was identified as helpful 1
Q16 Response referred to a different animation category 1
Q17 A specific modification task animation was helpful 19
Q17 General positive comment about modification task animations 9
Q17 None of the modification task animations was identified as helpful 3
Q17 Response referred to a different animation category 1
Q18 A specific structural transformation task animation was helpful 26
Q18 General positive comment about transformation task animations 8
Q18 None of the transformation task animations was identified as helpful 1
Q18 Response referred to a different animation category 1
Q19 Difficulty was related to structural transformation task animations 20
Q19 Explicitly stated that no animation was difficult to follow 16
Q19 General difficulty in following the animations was mentioned 2
Q19 Response referred to a task that is not related to these animations 2
Q19 Difficulty was related to the source code of the algorithm 1
Q19 Difficulty was related to prior mathematical knowledge 1
Q20 A general suggestion was made to extend the set of animations 13
Q20 Explicitly stated no additional suggestion 5
Q20 An additional matrix algorithm animation was suggested 3
Q20 An additional programming topic was suggested for visualization 3
Q20 An additional search algorithm animation was suggested 3
Q20 An additional sorting algorithm animation was suggested 2
Q20 Another data-structure topic was suggested for visualization 2
Q20 Another algorithmic topic was suggested for visualization 1

Note. Frequency refers to coded theme mentions rather than mutually exclusive respondent categories because a
single open-ended response could contain more than one idea.
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Suggestions for additional algorithms (Q20): Students also proposed several algorithms
or topics that could be helpful if they were visualized in a similar way. The most frequent
theme in the suggestions was a general request to extend the set of available animations
(13 mentions). Five responses explicitly stated that there was no additional algorithm
or topic to suggest. More specific suggestions included additional matrix algorithms
(3 mentions), programming topics (3 mentions), search algorithms (3 mentions), sorting
algorithms (2 mentions), data-structure topics (2 mentions), and other algorithmic topics
(1 mention). Examples included computing the determinant of a matrix, working with
triangular matrices, binary search, data structures, and comparing similar algorithms. Such
suggestions indicate that students perceived algorithm visualizations not only as helpful
instructional aids during lectures but also as tools to support the exploration of more
advanced algorithmic concepts.

Overall, the qualitative student feedback added to the quantitative survey results,
providing further insight into how students felt about the visualizations. The responses
suggest that structural transformation animations were pedagogically valuable but also
cognitively more demanding. The suggestions for additional topics indicate that students
saw potential for extending the interactive visualization approach beyond the demonstrated
matrix algorithms.

6. Discussion

The results of the perception study provide several insights regarding the pedagog-
ical role of matrix-based algorithm visualizations and their alignment with established
visualization and multimedia learning theories.

6.1. Theory—Design Alignment

The results provide perception-based indications that the theory-informed design prin-
ciples implemented in the MatrixVis framework were supportive of students. Respondents
evaluated the clarity of the visual presentation, the step-by-step execution, and the synchro-
nized code highlighting positively, with all design-feature items receiving mean ratings
above the neutral midpoint. These findings are consistent with theoretical expectations
derived from Cognitive Load Theory and the Cognitive Theory of Multimedia Learning.
However, they should not be interpreted as direct evidence of reduced cognitive load, im-
proved schema construction, or improved learning outcomes. The positive evaluations of
stepwise execution, visual highlighting, and synchronized code display therefore provide
perception-level support for the plausibility of the theory-to-design mapping presented in
Section 3.2.

These results are compatible with the argument that the effectiveness of algorithm
visualization depends not merely on the animation itself but on the cognitive alignment
between visual representation and algorithmic logic (Tversky et al., 2002), while remaining
limited to perception-level evidence rather than empirical confirmation of the underlying
cognitive mechanisms.

6.2. Differences in Perceived Difficulty Across Algorithm Categories

Visualizations demonstrating aggregation tasks received the highest clarity ratings,
whereas structural transformation animations received lower ratings. These findings may
be interpreted in light of theoretical expectations concerning intrinsic cognitive load. Most
aggregation tasks require only a linear traversal and simple state transitions. In contrast,
structural transformations such as mirroring, transposition, or sorting require learners to
track spatial relationships and multiple coordinated changes in the matrix. These character-
istics are expected to increase element interactivity and, therefore, intrinsic cognitive load
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(Sweller, 2011). Similar observations have been reported in previous research on algorithm
visualization, where tasks involving complex structural manipulation required greater
cognitive effort from novice learners (Shaffer et al., 2010; Vrachnos & Jimoyiannis, 2014).

Importantly, even the lowest-rated category still received positive evaluations, sug-
gesting that the visualizations were perceived as supporting understanding despite the
increased complexity of these algorithms. However, because the present study did not di-
rectly measure cognitive load or objective learning performance, this interpretation should
be treated as theoretically grounded rather than empirically confirmed.

6.3. Perceived Value of Interactivity

Another important finding concerns the perceived value of interactivity. Students
reported that the possibility of experimenting with dynamically modifiable inputs would
likely support their understanding and that they would revisit the animations for inde-
pendent study. These responses correspond with the engagement taxonomy proposed
by Naps et al. (2003), which distinguishes between passive viewing and more active
forms of interaction, such as responding or changing. While the present study primarily
involved instructor-led demonstrations, students’ responses suggest that they perceive
value in moving toward higher engagement levels. In this sense, allowing learners to
modify input values, test alternative cases, and observe algorithm behavior dynamically
represents a promising extension of the current instructor-led use of the visualizations. The
MatrixVis library used in this study provides a technical basis for future implementations
of visualizations that support more interactive forms of algorithm exploration.

6.4. Contributions to Algorithm Visualization Research

The study contributes to algorithm visualization research by combining a matrix-
specific instructional domain, a reusable JavaScript-based visualization framework, explicit
theory-to-design mapping, and structured classroom-based perception data. First, it ex-
tends research on algorithm visualization beyond the dominant focus on sorting algorithms
and one-dimensional data structures by examining matrix-based operations in introduc-
tory programming. Second, it illustrates how a reusable visualization framework can be
evaluated in an authentic classroom context rather than only being described as a technical
system. Third, it provides perception-based evidence about how students experienced
the clarity, usefulness, and interaction potential of the visualizations. These contributions
should be interpreted as a preliminary validation layer rather than as evidence of causal
learning effects.

6.5. Pedagogical and Design Implications

The findings of the present study suggest several implications for both instructional
practice and future research on algorithm visualization in introductory programming
education. From a pedagogical perspective, the results highlight the importance of trans-
parent animation logic. Students evaluated the step-by-step execution and synchronized
code highlighting very positively, suggesting that visualizations are particularly useful
when they explicitly expose the relationship between program code and changes in the
underlying data structures.

The results also suggest that opportunities for learner manipulation may further
increase the pedagogical value of algorithm visualizations. Although the visualizations in
the present study were primarily used in instructor-led demonstrations, students indicated
that the ability to modify input values and experiment with algorithm behavior would
likely enhance engagement and support independent study:.

From a design perspective, the findings support the value of consistent code—-data
correspondence, stepwise execution, and visual highlighting as central design elements of
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matrix-based algorithm visualizations. However, because the present study was perception-
based, these design implications should be treated as hypotheses for future controlled
studies rather than as evidence of improved learning outcomes.

7. Limitations

Although the findings show useful insights into students’ perceptions of matrix-
based algorithm visualizations, several limitations must be considered when interpreting
the results.

Firstly, the study primarily examined students’ perceptions of the instructional useful-
ness and clarity of the visualizations rather than directly measuring learning outcomes. It
did not include pre- and post-tests, standardized coding assignments, performance-based
assessments, a control group, or a comparison with alternative instructional approaches.
Therefore, the findings do not allow conclusions about measurable improvements in al-
gorithmic understanding. Furthermore, although the visualizations were designed based
on principles derived from Cognitive Load Theory, the study did not include direct mea-
surement of cognitive load with validated instruments. As a result, the findings provide
only indirect, perception-based evidence regarding cognitive processing. Future research
could incorporate algorithm-tracing tasks, problem-solving exercises, standardized cod-
ing assignments, or controlled pedagogical experiments comparing visualization-based
instruction with traditional instruction.

Secondly, the study was conducted within a single course at a single university, and
the sample comprised students enrolled in an introductory programming course. Although
the participants represented the authentic target audience for the presented visualizations,
the findings may not be fully generalizable to other institutional contexts, programming
curricula, or student populations. Replication studies across different institutions and
programming courses would therefore be valuable for confirming the broader applicability
of the observed patterns.

Thirdly, the course-based evaluation context may have introduced demand characteris-
tics and instructor-as-evaluator effects. The visualizations were demonstrated by the course
instructor, and the questionnaire was administered shortly after a recap session led by the
instructor who presented the visualizations. Although participation was voluntary and
anonymous, students may have assumed that positive evaluations were expected or may
have been hesitant to express critical views. Future studies should reduce this potential
bias by using independent researchers to administer the evaluation, clearly separating data
collection from regular instruction, delaying questionnaire administration, and combining
perception-based measures with objective performance assessments.

In addition, although students were able to observe the dynamic execution of the
algorithms and follow step-by-step animations, they did not directly interact with the
system during the lectures. As indicated by the questionnaire responses, learners expressed
interest in experimenting with the visualizations by modifying input values and exploring
alternative behaviors of the algorithms. Future studies could therefore investigate the
pedagogical effects of fully interactive visualization environments that allow learners to
actively manipulate algorithm inputs and observe the resulting program states.

Finally, the qualitative analysis relied on inductive coding of relatively short open-
ended responses. While it provided useful insights, more extensive qualitative data could
provide a deeper understanding of how learners interpret and use algorithm visualizations.

8. Conclusions

This perception study examined the pedagogical potential of interactive matrix-based
algorithm visualizations implemented with the MatrixVis JavaScript library. The paper
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contributes to the algorithm visualization literature by focusing on algorithms operating
on two-dimensional arrays. This data structure has received less attention in prior research
compared to traditional data structures such as vectors, lists, or trees.

The findings indicate that students perceive stepwise execution, synchronized code
highlighting, and visually explicit data transformations as particularly helpful for un-
derstanding the logic of the presented algorithms. These results support the idea that
visualization designs grounded in established cognitive and multimedia learning princi-
ples may meaningfully support novice programmers’ understanding of algorithm behavior.

Beyond the specific classroom context of the present study, the results also highlight
the potential value of reusable web-based visualization architectures for programming edu-
cation. Framework-based approaches, such as the MatrixVis JavaScript library presented in
this paper, may enable instructors to create consistent visualization environments across a
wider range of algorithmic concepts.

Future work may expand the present study by examining fully interactive learning
scenarios and by investigating the effects of visualization-based instruction on quantifiable
measures of students’ programming performance.

In conclusion, the results indicate that carefully developed algorithm visualizations,
particularly visualizations with clear code—data correspondence and structured stepwise
execution support, represent a promising direction for improving the teaching and learning
of algorithmic thinking in introductory programming courses.
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Appendix A
Full Questionnaire (English Version)

Questionnaire for the Evaluation of Educational Algorithm Visualizations

This questionnaire concerns the matrix-based algorithm visualizations presented during
the previous two lectures. At the beginning of the session, several examples were briefly
revisited. Please respond based on what you remember or what you were able to recall
during the demonstration.

Please use the following response scale:

1 =not at all/very poor

5 = completely /excellent

General Impression

1. How understandable were the explanations of the algorithms presented during
the lectures?
(1 = not understandable at all, 5 = completely understandable)

2. To what extent did the animations help you understand the algorithms?
(1 =did not help at all, 5 = helped very much)

3. If there had been no animations, how difficult would it have been to follow
the algorithms?
(1 = not difficult at all, 5 = very difficult)

Overall Evaluation of the Animations

4. How clear and illustrative was the visual presentation of the animations?
(e.g., display of index variables, highlighting of elements in orange during comparison
and swapping)
(1 = confusing, 5 = clear and easy to follow)

5. To what extent did the step-by-step execution support your understanding?
(1 =notatall, 5 = very helpful)

6. To what extent did the highlighting of the source code during the animation help
your understanding?
(1 =not atall, 5 = very helpful)

Perception by Type of Animation

7. How clear and easy to follow were the animations demonstrating aggregation tasks
(e.g., summing elements, counting, determining the minimum)?

(1 = not clear, 5 = completely clear)

8. How clear and easy to follow were the animations demonstrating search tasks (e.g.,
determining the indices of a given value, finding the position of the minimum)?
(1 = difficult to follow, 5 = completely clear)

9.  How understandable were the animations involving modification tasks (e.g., multi-
plying elements by two, setting all elements of a row or column to zero, swapping
rows or columns)?

(1 = not understandable, 5 = completely understandable)

10. How easy to follow were the animations demonstrating structural transformations
(e.g., mirroring, transposition, sorting)?

(1 = not easy to follow, 5 = completely easy to follow)

Usability and Learning Intentions

11. During the lecture, it was demonstrated that certain elements could be modified
dynamically (e.g., entering custom input values). If you had been able to experiment
with these animations yourself, to what extent do you think this would have supported
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your understanding?
(1 =notatall, 5 = very much)

12.  How likely is it that you would rewatch these animations online for independent
study in the future?
(1 = definitely not, 5 = definitely yes)

13.  To what extent do you think these animations would support you when preparing
homework assignments or exams?
(1 =not at all, 5 = very helpful)

14.  Overall, to what extent do you feel that the animations supported your understanding
of matrix-based algorithms?
(1 = did not support, 5 = supported very much)

Open-Ended Questions
Please answer the following questions briefly in writing.

15.  Was there any animation demonstrating aggregation tasks (e.g., summing elements,
counting, determining the minimum) that you found particularly helpful? If yes,
which one?

16. Was there any animation demonstrating search tasks (e.g., determining the indices
of a given value, finding the position of the minimum) that particularly supported
your understanding?

17.  Was there any animation involving modification tasks (e.g., multiplying elements by
two, setting all elements of a row or column to zero, swapping rows or columns) that
you found particularly helpful? If yes, which one?

18. Was there any animation demonstrating structural transformations (e.g., mirror-
ing, transposition, sorting) that particularly supported your understanding? If yes,
which one?

19. Was there any animation that you found difficult to follow? If yes, which one and why?

20. What additional algorithms or topics would you like to see demonstrated using
similar animations?
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