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Abstract

A fundamental skill in software design is the ability to identify and
select the most appropriate data structures for a given problem. This
study investigates the impact of using ChatGPT for undergraduate
students engaged in a data structures and algorithms (DSA) course
during practical activities. Due to limited resources, this study cov-
ers only two topics of DSA: Binary Search Trees and AVL Trees.
An experiment was conducted involving two groups of students:
the ChatGPT group, who could use ChatGPT for all lab session
assignments, and the experimental group, who used ChatGPT only
on the first activities and relied solely on instructor-provided mate-
rials for the remaining assignments. The impact of ChatGPT usage
was measured using questionnaires, final exam grades, and code
similarity analysis. The results indicate that there are no significant
differences in performance between students using ChatGPT and
those relying exclusively on traditional materials. However, since
we cover only two topics of DSA, more research is necessary.
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1 Introduction

Software Engineering (SE) education is inherently complex, as it
encompasses a wide range of knowledge areas. According to the
Software Engineering Curriculum Guidelines (SE2014) [17], there
are at least ten major knowledge areas, including Computing Essen-
tials, Software Design, Software Verification and Validation, among
others. Still, according to SE2014, within the Computing Essentials
area, a key component considered crucial is the study of algorithms,
data structures, and computational complexity. This area focuses on
the design, analysis, and implementation of efficient computational
solutions, emphasizing how algorithmic strategies, data organiza-
tion, and computational complexity affect software performance
and scalability [5]. These competencies shape a professional’s ca-
pacity for informed decisions about performance, scalability, and
resource management. So that a professional can make informed
decisions about algorithm and data structure selection and evaluate
trade-offs among performance, scalability, and resource consump-
tion in real-world applications.

In this context, generative Artificial Intelligence (AI) in educa-
tion, particularly at the university level, has grown recently with a
significant impact [19]. There are many implementations of gener-
ative Al, among them ChatGPT [3]. Tools, like ChatGPT, can aid
students with homework, generate practice problems, and provide
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tutoring, making learning more affordable and personalized [25].
Some researchers have observed that the use of ChatGPT can: (i)
boost students’ interest and motivation [21], (ii) help computer
science students by providing immediate answers to programming
questions [24], and (iii) provide examples to explain complex pro-
gramming concepts [25]. On the other hand, many fear widespread
cheating that is hard, or even impossible, to catch [29], as well as
concerns about the use of generative Al may imply on superficial
learning [8].

A key limitation of ChatGPT is its reliance on the knowledge
it was trained on [25], which can lead to inaccurate responses to
complex questions [7]. Effective data structure analysis requires a
deep understanding, which educators can offer through step-by-
step explanations. However, maybe the most important drawback is
that it may discourage students from developing critical skills such
as reasoning [23]. Students who excessively rely on ChatGPT to
generate code may not cultivate the ability to solve problems inde-
pendently [23]. Consequently, students might fail to develop critical
skills such as critical thinking, creativity, and decision-making [10].
These are crucial capabilities for SE, especially when involving
DSA [34]. Excessive use and cheating are major concerns for SE ed-
ucators. Some universities have even blocked access to the ChatGPT
website on school grounds to mitigate these risks [37].

ChatGPT is here to stay, so we believe that, rather than avoid-
ing them, we should embrace them to modernize education [37].
Some studies propose methods in which ChatGPT can serve as
a Teaching Assistant (TA) [13] or generate class summaries [14].
However, in our experience, students often use it as an Oracle for
coding exercises, suggesting a lack of problem-solving skills [10].
In this paper, we report an experiment evaluating the impact of
using ChatGPT during coding tasks in a DSA course. This course
is part of the third semester of the Computer Engineering under-
graduate program at the Federal Rural University of Pernambuco,
Belo Jardim-PE. Our experiment aims to investigate the impact of
ChatGPT on: (i) learning outcomes via questionnaires about Data
Structures and Algorithms, (ii) final exam performance, and (iii)
code similarity in student lab submissions. Due to the limited time
frame to plan, execute, and report results, we focused on only two
topics from the DSA course: Binary Search Tree (BST) and AVL
Tree [5]. In summary, we observed no statistically significant dif-
ferences in questionnaire responses or final exam results. However,
we found that the code submitted by the students who used Chat-
GPT was more likely to have high similarity to others. However,
our results address only a limited subset of DSA topics; therefore,
further research is needed to broaden the scope of investigation.
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This paper is organized as follows. Section 2 provides a review
of related work, highlighting previous studies on the usage of Chat-
GPT in computer science education, particularly in Data Structures
and Algorithms’ contexts. Section 3 details the methodology em-
ployed in this study, including the experimental design, participant
selection, data collection procedures, and statistical methods used
to evaluate the research hypotheses. Section 4 presents the results
of the experiment, accompanied by a comprehensive analysis and
interpretation of the data, with comparisons to existing literature.
Section 5 discusses potential threats to the study’s validity, includ-
ing internal, external, construct, and statistical validity. Finally,
Section 6 concludes the paper by summarizing the main findings,
reflecting on their implications for education and practice, and
outlining directions for future research.

2 Related Work

The recent popularity of generative Al has highlighted its potential
benefits, such as Al-assisted pair programming [25], as well as its
drawbacks, such as its facilitation of cheating [9]. These factors
have drawn the attention of researchers worldwide to investigate
the educational implications of generative artificial intelligence,
including ChatGPT.

Garcia [11] conducted a rapid literature review synthesizing 107
studies on the use of ChatGPT in computer programming education.
The review identified major application areas, including person-
alized tutoring, knowledge reinforcement, instructional material
generation, source code production, immediate feedback, and as-
sessment support. Findings indicate that ChatGPT can enhance
learning efficiency and instructional support, particularly through
individualized guidance and automated feedback. However, the
review also highlights substantial challenges, such as academic
dishonesty, ethical concerns, overreliance on Al tools, diminished
critical thinking, and technical limitations. Garcia further noted that
most existing studies emphasize basic programming instruction,
while advanced topics such as DSA remain underexplored.

Pinto et al. [22] have thoroughly examined the impact of gener-
ative Al, such as ChatGPT, on education, highlighting its benefits
and challenges. These studies show that Al-driven technologies
can enhance student engagement and learning outcomes by pro-
viding personalized learning experiences, instant feedback, and
detailed explanations. However, concerns about over-reliance on
these tools, which may potentially undermine students’ creativity
and problem-solving abilities, persist. Additionally, ethical issues,
such as Al bias and academic integrity, must be addressed. Pinto et
al. observed mixed results: improved performance and motivation;
however, minimal impact on learning outcomes. This research em-
phasizes the need for carefully designed educational frameworks
and assignments to maximize the benefits of Al tools while mit-
igating potential drawbacks. They argue that further research is
needed to explore these dynamics in various educational contexts
and academic levels (such as DSA).

Some studies are conducted on complex topics beyond basic
programming concepts. For instance, Abdulhadi [28] conducted an
experiment in an Embedded Systems course. Their primary objec-
tive was to determine how effectively ChatGPT could assist students
in answering quiz questions without prior learning of the related
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topics. Their findings indicated that the ChatGPT group performed
better on code analysis and theoretical questions but struggled with
code completion and image-based questions. However, their results
for writing complex code were inconsistent. The author concluded
that ChatGPT is currently insufficient for computer engineering
programs.

Kosar et al. [16] investigate the impact of ChatGPT on the learn-
ing outcomes of undergraduate students in an object-oriented pro-
gramming course. The study involved 182 participants divided
into two groups: one using ChatGPT and the other not. They ana-
lyzed practical assignments, midterm exams, and final grades. Their
results indicated that ChatGPT usage did not significantly affect
students’ performance. The feedback revealed that students found
ChatGPT useful for code optimization and understanding, but did
not rely on it excessively. The findings suggest that with appropri-
ate measures, ChatGPT can be safely integrated into programming
education without compromising learning outcomes.

Yilmaz et al. [36] investigate integrating ChatGPT into program-
ming education, highlighting its potential benefits and limitations.
Similar to the previous study, this study was also conducted in
an object-oriented programming course. Their study found that
ChatGPT can provide instant feedback, improve debugging, and
enhance students’ confidence and understanding of complex topics.
However, challenges such as fostering dependency, potential inaccu-
racies, and ethical concerns were also noted. The research suggests
that while generative Al tools like ChatGPT can significantly aid
programming education, educators should be aware of these tools’
limitations and take appropriate measures to ensure they comple-
ment, rather than hinder, the educational process. Additionally, they
said that further studies are needed to explore the varied impacts of
these tools across different programming courses and educational
levels. They also reported that some participants noted drawbacks,
including potential laziness, weakened cognitive skills, and the risk
of incorrect answers. Another related study by [24] used a between-
subjects design with two groups: one using ChatGPT and the other
relying on textbooks and notes without internet access. Unlike our
study, which included assignments throughout the course, their
participants faced programming challenges after the course. They
found that the ChatGPT group achieved higher scores faster on
defined tasks but struggled with more complex problems, showing
inaccuracies and inconsistencies.

To the best of our knowledge, Jaime et al. [13] is the only study
that specifically investigates the impact of ChatGPT on DSA. This
work investigates integrating ChatGPT as a supplementary tool for
teaching assistants (TAs). It aims to enhance teaching effectiveness
and student learning outcomes. Through a controlled experiment
involving 40 undergraduate students divided into a traditional TA
group and a ChatGPT-assisted group. The researchers found that
using ChatGPT — guided by structured prompts and verified by
TAs — led to significantly better performance. The study empha-
sizes the benefits of combining human oversight with Al-generated
content, noting improvements in engagement, problem-solving,
and understanding of complex topics like recursion and dynamic
programming. This study motivated our work by highlighting the
impact of generative Al in DSA. Mastery of this subject typically
requires extensive practice through problem-solving. However, stu-
dents often appear to use ChatGPT not as a TA, but rather as an
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"oracle" that directly provides solutions to exercises. It is this pattern
of use that the present study seeks to investigate. We encouraged
students to use ChatGPT freely in their usual manner, while Jaime
et al. implemented a more constrained approach in which students
interacted with ChatGPT solely through TA-curated, structured
prompts..

3 Method

This study evaluates how ChatGPT influences undergraduate stu-
dents’ learning of DSA. We specifically focus on the effects of
unrestricted use of ChatGPT, allowing students to use the tool self-
directedly. To direct our inquiry, we test four hypotheses regarding
ChatGPT’s adoption, its effect on comprehension, final grades, and
code similarity among students.

e HOo: There is no significant difference in the use of ChatGPT
among students when responding to DSA exercises.

e HO;: There is no significant difference in students’ compre-
hension when using ChatGPT vs. when not.

e HO,: There is no significant difference in students’ final lab
grades between those who used ChatGPT and those who did
not.

e HO5: There is no significant difference in students’ code
similarity between those using ChatGPT and those who do
not.

As noted, only the first hypothesis, H0y, cannot be evaluated
using a statistical model; therefore, it is examined solely through
students’ survey responses (see Section 3.2 for details). To evaluate
comprehension of hypothesis H0;, we analyzed students’ responses
from the pretest and posttest questionnaires (see Section 3.2 for
details). Hypothesis H0; was assessed using the final course grades
of the course. For the analysis of hypothesis H03, we employed
the MOSS (Measure of Software Similarity) ! tool to examine code
similarity. MOSS is a widely recognized system for detecting pro-
gram similarities, effectively identifying instances of code reuse
and potential plagiarism [4]. By applying MOSS to the students’
source code, we systematically assessed the degree of similarity
across different submissions, enabling us to rigorously evaluate the
originality and independence of each student’s work. We utilized
MOSS to analyze the artifacts from both groups.

3.1 The Data Structures and Algorithms Course

As previously noted, Data Structures and Algorithms (DSA) are
among the fundamental topics identified in the Software Engineer-
ing Curriculum [17]. These guidelines classify algorithms, data
structures, and complexity under the category of Computing Essen-
tials (CMP.cf.2). Besides, in accordance with Brazilian educational
legislation, DSA constitute a mandatory component of all under-
graduate engineering computing programs .

This study was conducted with students enrolled in a Bachelor
of Computer Engineering program at a Brazilian university. Within
our curriculum, the course is offered during the third semester
and requires Introduction to Programming and Object-Oriented
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Programming as prerequisites. Both subjects are also mandated by
Brazilian educational regulations.

The course adopted Java as the programming language, with
students having been previously exposed to it in Object-Oriented
Programming courses. The decision to use Java over other program-
ming languages was made by the faculty council. The limitations
associated with the use of Java in this study are discussed in Sec-
tion 5.

The content of DSA courses varies widely across undergraduate
programs worldwide [32]. Owing to constraints on complexity and
available resources, this study did not cover all topics in DSA. In
fact, it did not cover the entire course syllabus of our program.
Instead, the investigation focused on two specific topics: (i) Binary
Search Trees and (ii) AVL trees. These topics were selected for the
following reasons:

(1) They are common topics across many undergraduate cur-
ricula. For example, both are included in the Bachelor of
Science in Software Engineering program at the University
of Mississippi, as reported in Appendix A of the Software
Engineering Curriculum Guidelines (SE2014) [17].

(2) These topics are well-suited to the constraints of our experi-
mental design (see Section 3.2), making them representative
and pedagogically relevant for evaluating ChatGPT’s impact
in this educational context.

(3) They constitute two core chapters in a widely used data
structures and algorithms textbook, the Introduction to Al-
gorithms by Cormen et al. (Chapters 11 and 12) [5].

A Binary Search Tree (BST) is a data structure used to store
elements in a hierarchical order that allows for efficient searching,
insertion, and deletion operations [5]. In a BST, each node contains
a key, and it satisfies the binary search property: the key in the left
child is less than the key in the parent node, and the key in the right
child is greater. This recursive structure enables high-efficiency
search and insertion when balanced.

An AVL tree is a self-balancing variant of the BST, designed to
maintain a balanced structure and thus ensure consistently efficient
operations [5]. The AVL tree maintains the property that the height
difference (balance factor) between the left and right subtrees of
any node is at most one. After every insertion or deletion, the tree
performs specific rotations (single or double) to restore balance if
needed. This guarantees that the tree’s height remains logarithmic
in the number of nodes, ensuring great performance for search,
insertion, and deletion in all cases.

The DSA course was held at the end of 2024 and early 2025, dur-
ing which GPT-40 Mini was the only ChatGPT version available
to students.

3.2 Experiment Phases

This research investigates how ChatGPT impacts undergraduate
learning in data structures and algorithms. We conducted a pretest-
posttest control group experiment, following two established guide-
lines [15, 35]. Forty-three students of a Brazilian university par-
ticipated in the study. As mentioned earlier, this study followed a
pretest-posttest design across four phases, as shown in Figure 1.

3Resolugio CNE/CES n° 5, de 16 de novembro de 2016
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Figure 1: Experiment Process Overview.

In the first phase (Prelude Phase), the experiment began with
an introductory session where the lecturer (the first author) out-
lined the study and its requirements. As required by the ethical
standards [12], participation was not mandatory. To incentivize
students, the lecturer offered an extra point in the final exam to
those who participated in the entire process. Those students who
agreed to participate had to sign an informed consent form, ensur-
ing compliance with ethical research standards [33].

A total of 50 students agreed to participate in the experiment and
signed the informed consent form. After this, the study progressed
to the Pretest Phase (Figure 1), which spanned two class sessions:
the first theoretical and the next practical. In the theoretical class,
the lecturer spent two hours teaching Binary Search Tree (BST), fo-
cusing solely on conceptual content. During this phase, participants
were not yet divided into control and experimental groups.

In the subsequent class, students were instructed to implement
the BST concepts discussed in the previous lecture using Java. They
were given two hours to complete this programming task. The
lecturer developed an environment to validate students’ implemen-
tations. This environment corresponds to a GitHub repository with
skeleton code (stubs) and unit tests. All students were encouraged
to fork the repository and implement their solutions. The main fork
served as a guideline for constructing practical assignments. The
code provided to the students is available in the Artifact Availability
section.

It is important to note that during the Pretest Phase, all students
were allowed to use ChatGPT during the lab session. The lab as-
signments were designed solely based on the textbook [5], but the
lecturer observed that the students were able to solve them after a
few prompts.

After finishing the lab assignments by submitting their imple-
mentations, students were asked to complete a questionnaire (the
Pretest Questionnaire in Figure 1). This questionnaire aims to as-
sess their understanding of the BST topic. It contains questions
about both theoretical and practical aspects of BST. We gave 30
minutes to answer the questionnaire. Only students who completed
the questionnaire were allowed to proceed to the next phase of the
experiment.

A few students encountered difficulties completing the lab activ-
ity within the allotted time (2 hours). For those who did not succeed,
the instructor permitted them to submit their implementation after

class. However, the questionnaire had to be completed during the
final 30 minutes of the class. Students were not permitted to use
ChatGPT while completing the questionnaire.

The pretest questionnaire consisted of 22 multiple-choice ques-
tions. All participants finished within the allocated time, and no
complaints about time constraints were reported. Of the 50 students
who consented to participate in the experiment, 49 attended both
the theoretical and practical classes, submitted their implementa-
tions, and completed the questionnaire. Only one participant did
not attend one class, so we excluded these data and considered him
as a dropout [35].

After the pretest questionnaire was administered, the Posttest
Phase began (Figure 1). This phase covered AVL trees. This phase
followed the same procedure as the pretest phase. Initially, the
teacher conducted a lecture covering the fundamental concepts of
AVL trees. In the following class, the practical task began, during
which students were granted access to a GitHub repository con-
taining the lab assignment. As in the previous phase, all students
were encouraged to fork the repository and implement an AVL tree
using the concepts introduced in the theoretical class.

Before the practical activity was available, participants were
randomly assigned to two groups. To ensure group equivalence, we
analyzed the pretest questionnaire results to determine whether
the groups had similar responses. Further details of this analysis
are provided in Section 4.2. The groups were:

o The Control Group consisted of students who, as in the pre-
vious lab session, were allowed to use ChatGPT throughout
the lab activity without any restrictions. They could access
ChatGPT for help, guidance, or code suggestions while com-
pleting the assignment.

o The Experimental Group comprised students who were not
allowed to use ChatGPT at the lab activity (AVL tree). Instead,
these students were encouraged to consult only lecture notes,
official documentation of relevant application libraries, and
example materials. They were also allowed to use internet
search engines like Google, but not any Al-enabled response
platforms.

As in the previous phase, the lab assignment lasted two hours.
Students were allowed to complete the posttest questionnaire only
after submitting their lab assignments. The questionnaire consisted
of 21 multiple-choice questions, with a maximum completion time
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of 30 minutes. As in the last phase, participants in both groups were
prohibited from using ChatGPT during questionnaire completion.
As with the earlier questionnaire, all students completed it within
the allotted time, and no complaints were reported. Unlike in the
pretest phase, all students completed the lab assignment within the
designated two-hour session.

To distinguish students by group, the lecturer brought two sets of
Post-it notes, green and yellow, and placed a note on each student’s
monitor to indicate group assignment. The lecturer continuously
monitored those students who were not permitted to use Chat-
GPT. Any student attempting to access the tool was immediately
instructed not to use it and to rely exclusively on the materials
provided by the lecturer.

During the lab session, six students were unable to complete the
lab assignment and had to leave before the session ended. As a result,
they were not permitted to complete the posttest questionnaire.
We classified them as dropouts. Of these students, one belonged
to the Control Group and seven to the Experimental Group. Their
responses to the pretest questionnaire were also excluded from the
analysis. The remaining participants were distributed as follows: 24
students in the Control Group and 18 students in the Experimental
Group.

4 Result and Discussion

This section presents the results derived from the collected data. A
total of 42 students participated in the entire experiment, yielding
42 observations in all experiment phases. This sample size exceeds
the commonly recommended minimum threshold of 30, which is
generally considered sufficient to improve statistical power and
reduce the risk of Type II errors [27]. Further discussion of sample
size limitations is provided in Section 5. Table 1 presents a summary
of the collected data.

The right-hand side of Table 1 presents demographic informa-
tion from our sample. We included only data from students who
participated in the two phases of our experiment (Full Participation).
As we can see, the majority of participants are regular students
enrolled in Data Structures and Algorithms in the third semester, as
recommended by our program. The average age of participants was
approximately 22 years. Regarding gender identity, 83% identified
as men and 17% as women; no participants selected other gender
identities or chose to withhold this information. Given its character-
istics, we consider that our sample is representative of the typical
undergraduate student in a computer engineering program [18].

All observations were statistically tested with an alpha level
of 0.05 as the significance threshold [27]. Given the small sample
size, we did not apply the Shapiro-Wilk test, because we did not
presume normality [15]. We used the Mann-Whitney U test [15], a
nonparametric test for two independent samples (because the data
are nonnormal). To assess the effect size, we used Cliff’s Delta [15].

4.1 Familiarity of Students with ChatGPT in
Coding activities

Our first inquiry was to investigate whether the students know

generative Al, especially ChatGPT. Moreover, if and how they use

it in programming activities. All participants reported familiarity
with generative Al and ChatGPT.
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Apart from whether they know generative Al and ChatGPT,
they were also asked how frequently they use it in coding and
in everyday activities. Figure 2 presents our results. As shown in
Figure 2.a, the majority of participants (81%) reported often/always
usage of generative Al for programming tasks. However, only four
students said they always use it. The other four participants stated
they rarely use generative Al for such tasks, and notably, none
reported using it.

Never | 0 - Rarely | 2 I

D 3 | Few in Week 171
Often in Week | 15
Often | 30 D 5

Once a Day

Rarely |

Always 7D 4 T Often in day 7D 5 T

0 10 20 30 5 10 15 20
(@) (b)

Figure 2: An overview of how often students use generative
Al in coding (a) and in everyday activities (b).

Considering Figure 2.b, we conclude that the use of generative
Al is not a panacea. Students do not appear to use them extensively
in everyday activities, unlike their frequent use of such tools for
coding-related tasks (Figure 2.a). It is important to note that this
experiment was conducted at the end of 2024 and the beginning of
2025, a period during which Al agents had not yet been widely in-
tegrated into common platforms, such as Gemini in Google Search.

Finally, participants were asked which generative Al tools they
were familiar with. All respondents reported knowing ChatGPT;
32 indicated awareness of Microsoft Copilot; 19 mentioned Google
Bard (now Google Gemini); and 2 cited Bing Al The high prevalence
of ChatGPT may be attributed to the recent release and widespread
visibility of GPT-4.00 at the time of the study, as well as the subse-
quent migration of Bing Al to GPT-based models [1]. In addition,
the relatively high awareness of Microsoft Copilot may stem from
two factors: (i) it was specifically developed to support code devel-
opment, and (ii) it is integrated into Visual Studio Code, one of the
most widely used development environments. In addition, several
prominent generative Al tools, such as Claude and DeepSeek, were
not yet widely available to the public during the study period [1].

Our results indicate that ChatGPT is both highly familiar and
frequently used among participants, particularly for programming
tasks, with nearly 80% reporting consistent use. This suggests that
ChatGPT has become a central tool in students’ academic work-
flows, especially in computing-related courses. This finding aligns
with the observations of Daun et al. [6], who report that ChatGPT
is increasingly regarded as a panacea in software engineering. Our
findings are consistent with the Stack Overflow survey [31], both in
terms of the frequency of generative Al use and the most commonly
adopted tools.
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Table 1: Data summary.

Students

Enrolled in Agreed in Dropout

Full Participation Data
Full Gender

Course

participate Pretest Phase Posttest Phase

A
Participation Semester ge Male  Female

57 50 1 7

42 | 337 2221 25(83%) 5 (17%)

4.2 Ensuring Group Equivalence

Before testing any hypotheses, it is essential to verify that the
participant groups are balanced. As described in Section 3, par-
ticipants were randomly assigned to two groups. However, some
students were unable to complete the lab assignments (Table 1,
column Dropout). This imbalance could potentially introduce bias
into the results. To assess whether it affected group comparability,
we conducted a statistical analysis to determine whether there were
significant differences in pretest scores between the two groups, ex-
cluding the dropout data. The results of this analysis are presented
in Table 2.

As shown in Table 2, the results indicate that neither the p-
value (1.0) nor Cliff’s Delta (0.0) suggests a statistically significant
difference between the groups. Remember that, in the pretest phase,
all students performed the same lab assignment, answered the
same questionnaire, and used ChatGPT. This result suggests that
participants in both groups exhibited a comparable understanding
of the theoretical and practical aspects of BST. Therefore, despite
the unequal group sizes, the balance between groups appears to
have been maintained and is unlikely to have biased the results.

4.3 Posttest ChatGPT Group vs. Non ChatGPT
Group

To test hypothesis H0;, we compared posttest questionnaire re-
sponses from participants who used ChatGPT with those from
participants who did not. The results of this comparison are pre-
sented in Table 3.

Analyzing the data presented in Table 3, we find no sufficient
evidence to reject hypothesis H0;. Therefore, we conclude that
ChatGPT usage does not have a statistically significant impact on
students’ comprehension. At first glance, this result appears to
contrast with the findings of Daun et al. [6], who reported higher
performance among students who used ChatGPT as a teaching as-
sistant. However, their analysis was based solely on average scores
across various assessments (e.g., exercises, quizzes, midterms, and
final exams). In other words, the authors did not employ a statistical
model to support their arguments. If a similar approach is applied
in our context (considering only the mean post-test questionnaire
scores), we obtain a similar result. The result is that the ChatGPT
group achieved an average score of 4.94, slightly higher than the
4.89 of the non-ChatGPT group. It could mean that they answered
two more questions correctly than the other group. Nevertheless,
this difference is minimal and not statistically significant.

One potential factor that could have biased the previously dis-
cussed result is the higher dropout rate observed in the Experi-
mental Group (i.e., the students who did not use ChatGPT during
the posttest phase). As discussed in Section 4.2, our analysis indi-
cated that the groups remained balanced despite these dropouts.

However, to further ensure that this did not affect our findings,
we conducted an additional analysis comparing the Experimental
Group’s performance in the pretest and posttest phases. This com-
parison aimed to determine whether the same group of students
performed differently when ChatGPT was or was not available. The
results of this analysis are presented in Table 4.

It is important to note that, unlike the other hypotheses for which
we applied the Mann-Whitney U test, the Wilcoxon signed-rank
test was used to evaluate this hypothesis [15]. This choice was based
on the nature of the data, as the Wilcoxon test is more appropriate
for paired samples. In this case, we compared pretest and posttest
questionnaire responses from the same group of participants.

As shown in Table 4, there is no statistically significant differ-
ence in questionnaire answers when comparing the same group
of students when they can or cannot access ChatGPT during lab
sessions (p-value equals to 0.86504). However, a slight decrease in
the mean score was observed when participants did not use Chat-
GPT, suggesting they answered fewer questions correctly under
this condition. The difference in mean scores is approximately 0.1
point, indicating that students answered about two more questions
correctly when using ChatGPT during lab sessions. This finding
is consistent with Daun et al. [6], who reported improved perfor-
mance among students who used ChatGPT. Nevertheless, as in our
previous analysis, the observed difference in means is not statis-
tically significant. This may indicate the need for further testing
with a larger sample size, or that ChatGPT’s presence has a limited
(or none) impact in this context.

Another factor to consider is the potential influence of the in-
structor or lecture material, which may have obscured the effect of
ChatGPT usage. To investigate this possibility, we analyzed whether
there was a significant difference between pretest and posttest
scores within the Control Group (which used ChatGPT in both
phases). The results of this analysis are presented in Table 5.

These results show that there is no statistically significant dif-
ference in scores when students are allowed to use ChatGPT to
support their lab activities, regardless of whether the topic was BST
or AVL trees. Unsurprisingly, this comparison yielded the smallest
difference in mean scores (only 0.076), suggesting that both the
lecture materials and the instructor’s influence were consistent
when teaching BST.

An important observation from tables 3, 4, and 5 is that all re-
ported Cliff’s Delta values are close to zero (respectively, -0.05787,
-0.08333, and -0.15278). These values indicate negligible effect sizes,
suggesting that the differences between the two groups are minimal.
This result may reflect two possibilities: (i) the effect of ChatGPT
usage is limited, or (ii) the sample size is insufficient to reveal a
measurable effect, with the evidence more strongly supporting the
latter explanation.
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Table 2: Pretest results between participants in each group.

Groups Participants Mean Variance U Statistic p-value Cliff’s-delta
Control Group 24 4864 .76 216 1.0 0.0
Experimental Group 18 5.035  1.942 - - -

Table 3: Posttest ChatGPT Group vs. Non ChatGPT Group.
Groups Participants Mean Variance U Statistics p-value Cliff’s-delta
Control Group 24 494 1.335 203 0.77249  -0.05787
Experimental Group 18 4894 1782 - - -

Table 4: Comparison of pretest and posttest results of Experimental Group (Wilcoxon signed-rank).

Groups Participants Mean Variance TestResult p-value Cliff-delta
Experimental Group Pretest 18 5.035 1.942 81 0.86504  -0.08333
Experimental Group Posttest 18 4894  1.782 - - -

Table 5: Comparison between pretest and posttest results of the Control Group.

Groups Participants Mean Variance U Statistics p-value Cliff’s delta
Control Group pretest 24 4864  0.76 144 0.87741  -0.15278
Control Group posttest 24 4.94 1.335 - - -
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4.4 Comparing Final Exam Scores

Hypothesis H0, examines the potential impact of ChatGPT usage
on students’ knowledge and grades. Table 6 displays the statistical
analysis of students’ scores on the final exam. This exam covered
topics beyond BSTs and AVL Trees, namely sorting algorithms and
hash tables [5]. It is important to clarify that the grades at our
university are on a scale of 0.0 to 10.0.

Hypothesis HO; investigates the potential impact of ChatGPT
usage on students’ overall knowledge acquisition and academic
performance. Table 6 presents statistics about the data collected
from the students’ final exam scores. This exam assessed a broader
range of topics beyond BST and AVL Trees. It includes sorting
algorithms and hash tables [5].

Based on the data presented in Table 6, we find no sufficient evi-
dence to reject hypothesis H0,. Therefore, we cannot conclude that
using ChatGPT when implementing lab assignments has a signifi-
cant effect on students’ understanding of the specific topic content.
Additionally, the high variance in exam scores limits the reliability
of any definitive conclusions drawn from this analysis. Nonetheless,
the result is consistent with our previous findings, further suggest-
ing that ChatGPT usage does not substantially influence academic
performance in this context.

A crucial observation is that the effect is very small, as indicated
by the Cliff’s Delta value of 0.03704. An important factor that may
have influenced this result is that the final grade encompasses
multiple topics beyond BST and AVL Trees. We acknowledge this as
a potential source of bias. However, the final examination consists of
an interconnected set of questions, making it impractical to isolate

responses exclusively related to BSTs and AVL Trees, since these
questions depend on solutions to earlier problems involving topics
such as sorting algorithms.

4.5 Comparing Similarity Between Code
Submitted by ChatGPT vs. Non-ChatGPT
Groups

Our final hypothesis, H0s, investigates whether the source code
produced by students during lab sessions is more likely to be similar
to others when using ChatGPT. Table 7 presents the summary sta-
tistics for the data collected from the MOSS analysis of the delivered
students’ source code.

Unlike previous findings, these results indicate that the code
produced in lab sessions by the ChatGPT group is more similar to
that produced without it. This conclusion is supported by a p-value
less than 0.05. Besides, with a Cliff’s delta of 0.43, we can conclude
that the treatment had a medium influence. Thus, we can reject the
null hypothesis H03, concluding that students who use ChatGPT
tend to produce more similar source code than those who do not.
This observed similarity is likely due to ChatGPT being trained on
publicly available source code. Since BST and AVL tree problems
are standard topics in computer science, standard implementations
(often derived from textbooks) are widely accessible online. Conse-
quently, ChatGPT may reproduce these common patterns. However,
when applied to novel or less conventional problems, the training
data may lack sufficient diversity or quality, potentially leading
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Table 6: Statistics of Final Exam scores between the groups.

Groups ‘ Participants Mean Variance U Statistics p-value ‘ Cliff’s delta
Control Group 24 7.202 224 0.85046 | 0.03704
Experimental Group | 18 7.05 6.914 - - -

Table 7: Comparison of MOSS similarity between the groups.

Mean Variance U Statistics p-value ‘ Cliff’s delta

Groups ‘ Participants Min Max
Control Group 24 64.0% 100.0%
Experimental Group | 18 54.3% 89.9%

76.62% 103.8 309
68.08% 89.76 - -

0.01755 | 0.43056

the model to learn incomplete or incorrect patterns and generate
inaccurate or suboptimal responses [9].

A notable finding is that students who did not use ChatGPT were
less likely to produce code similar to that produced by students
who did, suggesting they explored a wider range of approaches to
solve the same problem. This may indicate a deeper understanding
of the content, as these students were more likely to construct
solutions independently rather than adapting available code. This
observation aligns with Fuchs’ argument [9], which highlights
the potential risk of overreliance on generative technologies like
ChatGPT, potentially hindering the development of critical thinking
and other higher-order cognitive skills. On the other hand, it is
important to note that our findings related to the other hypotheses
do not provide any evidence to support this inference conclusively
(Sections 4.4 and 4.3).

Finally, it is important to note a high similarity in the source
code across both groups (Table 7). It is not a surprise since the
instructor provides, before the lab session starts, a stub of the data
structure (BST and AVL Tree) and a set of JUnit tests to verify the
correctness of the developed source code. Students must write the
empty methods in accordance with the theory.

4.6 Lesson Learned

Some universities have chosen to prohibit or restrict students’ use
of generative Al tools [37]. This situation echoes earlier concerns
raised in the late twentieth century regarding calculators, which
were initially resisted on the grounds that they would make stu-
dents mathematically incompetent (a fear that proved unfounded).
Generative Al tools are likely to remain a permanent presence in
education, requiring instructors to adapt their pedagogical practices
accordingly. Based on our experience conducting this study, we
offer the following lessons learned:

(1) Separate theoretical and practical assessments. Since
we administered only a single questionnaire for each topic,
we were unable to analyze potential differences specifically
in practical learning outcomes. Furthermore, all students
attended the same theoretical lectures, regardless of whether
they used ChatGPT during the laboratory sessions. This
shared theoretical instruction may have obscured differences
attributable to the intervention, potentially masking Chat-
GPT’s impact on students’ practical learning. And it may
lead us not to reject some null hypotheses.

(2) Avoid standard code-completion tasks. Such exercises
are well within the capabilities of current generative Al
tools, which often produce highly accurate solutions. In-
stead, instructors should design problems: (i) with richer
contextual requirements, multi-step reasoning, visual com-
ponents [28], or (ii) content drawn from recent programming
contests, which are less likely to be well represented in train-
ing data [38].

(3) Avoid textbook-based exercises. Solutions to many text-
book problems are available online through forums or pub-
lishers’ resources [5]. The generative Al has already incorpo-
rated them into its training data. This reduces their pedagog-
ical value and may discourage genuine student engagement.
Consequently, teachers need to reconceptualize these ac-
tivities by embedding them in more complex, context-rich
scenarios.

(4) Try assignments using generative Al tools. Before dis-

tributing tasks to students, instructors have to evaluate them

using generative Al tools such as ChatGPT to understand
how easily solutions can be generated and to refine prompts
accordingly.

Integrate generative Al as a teaching assistant. Rather

than excluding these tools, educators should incorporate

them into instruction by demonstrating effective prompt
formulation and appropriate use. It is equally important to
present counterexamples that illustrate the limitations and
potential errors of generative Al systems, reinforcing the
need for critical evaluation [2].

—
53)
=

5 Threats to Validity

A typical threat to internal validity involves the potential for bias
introduced by the way the experiment is conducted [35]. To mitigate
this risk, we ensured consistency across both groups by using the
same instructor, teaching materials, and laboratory assignments.
This approach was intended to isolate the intervention as the only
variable, minimizing the influence of any extraneous factors on the
experimental outcomes.

Pretest and post-test designs are widely employed across do-
mains such as education, healthcare, psychology, and marketing [15].
Pretest—posttest designs are often preferred over AB designs be-
cause they provide baseline measurements that enable the assess-
ment of individual changes over time, offer greater control over
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potential confounding variables, and improve statistical power. In
the context of this study, this design enabled us to evaluate both the
equivalence of prior experience across groups and the consistency
of the instructional materials, including the theoretical lectures,
GitHub repository, and questionnaires.

Researchers may unintentionally introduce bias into statistical
analyses due to preconceived expectations [35]. To address this
threat, the second author anonymized the collected data before
analysis, ensuring that the first author performed all statistical
evaluations without knowing which data belonged to students who
used ChatGPT and which did not. Accordingly, all data presented in
the Artifact Availability Section refer only to Group A and Group B,
without disclosing group identities. Moreover, the confidentiality
of students’ personal information and research data was rigorously
preserved throughout the study.

Another common threat in extended experiments is participant
fatigue [35]. To mitigate this risk, each theoretical lecture and labo-
ratory session was limited to 2 hours. Additionally, these sessions
were never held on the same day. They have a minimum interval
of one day. Besides, students were instructed to complete the lab
assignments within the allocated two-hour period. Only a small
number of students were unable to finish within this timeframe
and completed the assignments at home. While this may have intro-
duced a minor source of bias, the number of such cases was limited
and unlikely to have significantly impacted the overall findings.

The complexity of the questionnaires could pose another threat
to validity. However, both questionnaires (pretest and posttest) were
derived from the same data set *. Additionally, the order of questions
was randomized for each participant during the administration of
both questionnaires, reducing the likelihood of answer copying and
preserving the integrity of individual responses.

The language adopted for the course, Java, poses a potential
threat to validity. Results may differ if comparing Java to other
languages due to the extensive availability of Java code. Java is one
of the most widely used languages globally [20], resulting in a vast
amount of code for BST and AVL Trees that can be used as input
for ChatGPT. If we had used another language, such as Python, or
a more recent one, such as TypeScript, the scarcity of materials
on data structures in those languages might have influenced our
results differently. However, the university’s faculty council chose
Java.

There is a potential risk that participants in the Control Group
also used ChatGPT. To mitigate this threat, the first author moni-
tored the implementation of lab session assignments. During the
lab session, we labeled each student’s computer to identify clearly
which students could or could not use ChatGPT.

One potential threat to validity is the level of student motivation
to fully engage with the experimental tasks [35]. To address this
concern, an incentive of one additional point in the final grade
was offered to students who participated in the study. However,
this bonus was awarded only to those who attended all lectures
and submitted the required lab assignments, thereby encouraging
consistent and active participation throughout the experiment.

Additionally, the time allotted to complete the questionnaires
was limited to 30 minutes. Some critics can argue that the time

“https://www.sanfoundry.com
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constraints can lead to rushed responses [35]. In our experience,
30 minutes appeared sufficient for answering 21-22 questions; all
items were concise, multiple-choice questions that did not require
extended reasoning or written explanations, thereby reducing cog-
nitive load. Besides, the first author conducted pilot tests to evaluate
timing with students who had already taken the course, and the
duration was deemed appropriate. Furthermore, as noted in Sec-
tion 3.2, no students reported any concerns regarding the allotted
time.

Our sample size is relatively small [15], which limits the extent
to which our findings can be generalized to a broader population.
However, we applied statistical tests that are appropriate for small-
sample studies [15] to ensure the validity of our analysis.

Finally, this experiment involved only second-year students,
which poses a threat to external validity when generalizing to stu-
dents from other academic years [35]. This focus was intentional,
as our study specifically targeted novice programmers. Another
threat to external validity concerns the applicability of our findings
beyond the domain of software engineering. It remains unclear how
the results would differ if the experiment were conducted in the
context of other courses during the same academic period.

The validity of the measurements poses a potential threat to this
study, as the questionnaires do not provide sufficient evidence of
construct validity, item quality, or internal consistency, which may
weaken conclusions about learning outcomes. Nevertheless, we
attempted to mitigate this threat by adopting questionnaires derived
from a well-established educational platform, whose materials are
widely used in teaching practice’. In addition, the questionnaires
were reviewed and administered with the support of undergraduate
teaching assistants, contributing to the adequacy and clarity of the
assessment instruments.

6 Conclusion

Nowadays, ChatGPT has proven valuable for a variety of purposes,
including providing instant feedback and explanations. However,
many skeptics argue that ChatGPT might significantly impact class-
room learning and understanding, while others view these tools
as transformative and disruptive technologies that can enhance
education. In this context, this paper presents an experiment that
analyzes the influence of ChatGPT tool usage on practical assign-
ments in computer engineering courses, particularly those focused
on data structures and algorithms. We divided a group of third-year
students into two groups: one was encouraged to use ChatGPT
freely on all lab assignments, and the other used it only once. The
experiment evaluated some hypotheses by examining questionnaire
results from post-lab sessions, final exams, and by measuring code
similarity using MOSS. The main findings are as follows: (i) com-
paring the participants’ scores on questionnaires and final exams
between the group using ChatGPT and the group not using them,
we found no statistically significant differences; (ii) comparing the
code provided by participants using the similarity score calculated
by MOSS, we identified a statistically significant difference, with
higher similarity in the code from students allowed to use ChatGPT.

Shttps://www.sanfoundry.com/data-structure-questions-answers-avl-tree/ and
https://www.sanfoundry.com/data-structure-questions-answers-binary-search-tree/
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Based on the results, we cannot conclude that using ChatGPT
during lab sessions affects learning in the ADE process; further
research is required. Besides, lecturers must be aware of students’
potential use of ChatGPT and design assignments with this con-
sideration in mind. When designing assignments, lecturers should
review the output from commonly used ChatGPT models to en-
sure they do not provide straightforward answers. Additionally,
lecturers should consider creating questions that are challenging
for ChatGPT to answer, such as those involving formulas or im-
ages [16]. Personalized data, such as birth dates or official document
IDs, can also be used to customize questions. Despite these pre-
cautions, it is not recommended to prohibit the use of ChatGPT,
as students are likely to use it regardless, as some authors have
demonstrated [16, 26].

A significant limitation of this study is the need for additional
replications [30]. So, for future work, we plan to apply different
problems and programming languages to lab work. Here are a few
ways to strengthen the validity of our conclusions. Additionally,
it would be beneficial to investigate how the use of development
tools affects midterm exam results. We are also interested in apply-
ing our experimental design to other courses, such as Introduction
to Programming and Object-Oriented Programming, with specific
adjustments. Furthermore, an empirical study to assess the develop-
ment of essential skills (critical thinking, problem-solving, and other
soft skills) [26] is necessary to understand the potential impact on
future computer engineers. As discussed in Section 5, expanding
the scope of replicated studies to include more institutions and
conducting a multi-institutional, multinational study could provide
a deeper understanding of integrating large language models into
education. This broader perspective has the potential to yield more
precise and robust outcomes compared to those presented in this
study.

Artifact Availability

We have made all relevant materials used in this study publicly
available. These artifacts are intended to allow other researchers to
replicate our experimental procedures, validate our results, or build
upon our work in future studies. The shared resources include:

e Raw Data: The anonymized data collected from participants
during all phases of the experiment, including questionnaire
responses and performance scores;

o Statistical Analysis Scripts: A Jupyter notebook contain-
ing all statistical analyses reported in this paper, including
the tests applied, and visualizations generated;

® Questionnaires: The full set of multiple-choice question-
naires used in both the pretest and posttest phases, allowing
for evaluation of the instruments’ content and structure;

o Lab Assignments: The stubs and JUnit test suites provided
to students during the lab sessions for implementing BST
and AVL trees, which formed the basis of the experimental
tasks.

These materials are hosted in an anonymous 4 open science
repository and are freely available ©. We encourage their use for

®https://anonymous.4open.science/r/Artifacts-CBSoft-2026-Education-
9055/README.md
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replication studies, educational purposes, or further research into
the integration of Al tools in software engineering education.
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