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ABSTRACT

This study examines the utilization of Al-generated errors in programming education, with a focus

on students’ ability to identify and correct errors intentionally introduced into Al-generated code. The

primary objective is to evaluate the effectiveness of this approach in enhancing students’ programming

competence and academic performance. Participants engaged with Al-generated code containing pre-

defined errors, and their error detection and correction skills were assessed. The findings indicate that

this method supports the development of programming proficiency and contributes to improved aca-

demic outcomes. This study adds to the existing literature on Al in education, providing a basis for future

research on integrating Al tools into programming instruction.
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INTRODUCTION

Integration of artificial intelligence (AI)-
based tools has become a defining characteristic
of contemporary education. Holmes et al. (2019)
assert that Al has become pervasive across vari-
ous educational domains, influencing instructional
processes and practices. According to Daun and
Brings (2023) and Raffaghelli et al. (2022), educa-
tors regard Al as an essential component of their
teaching methodologies. Similarly, research by
Albayati (2024), Malik et al. (2021), Sanchez-Ruiz
et al. (2023), and Shoufan (2023) indicates that stu-
dents perceive Al as a valuable tool that enhances
their motivation to learn. Furthermore, Chichekian
& Benteux (2022), Lim et al. (2023), and Wang
et al. (2023) emphasize that advancements in Al
technologies continue to shape both current and
emerging trends in education.

The influence of Al is particularly evident in
computer programming education, as demonstrated

by Rahman and Watanobe (2023) and Gezgin
et al. (2024). Within this field, Al chatbots have
emerged as widely utilized tools (Groothuijsen et
al., 2024). Luo et al. (2022) define an Al chatbot as
a software application that interacts with users in
natural language, thereby enhancing accessibility
and engagement.

In programming education, Al chatbots serve
various instructional functions. Moon et al. (2023)
report that students frequently employ Al chatbots
as teaching and mentoring resources that support
their general learning needs. Okonkwo and Ade-
Ibijola (2021) further highlight that AI chatbots
facilitate personalized learning experiences tai-
lored to individual students. However, Groothuijsen
et al. (2024) observe that Al chatbots are primarily
used for technical tasks, such as debugging, error
detection, and optimization. Similar findings are
presented by Biswas (2023), Gezgin et al. (2024),
and Surameery and Shakor (2023), who indicate
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that Al chatbots have become integral tools for
assisting students in debugging and resolving
errors when solving programming problems.

This integration with Al chatbots aligns closely
with the principles of constructivist learning the-
ory, which makes a primary emphasis on active,
student-centered engagement with knowledge.
According to Kumar Shah (2019), in this theory,
learning is most effective when students construct
meaning through the processes of problem-solving
and reflective thinking—activities that are inherent
in such activities as debugging and correcting code.

Additionally, the widespread adoption and
educational effectiveness of Al chatbots can be
sufficiently examined from the point of view of the
Technology Acceptance Model (TAM). In the edu-
cational context this model proposes that perceived
usefulness and ease of use significantly affect stu-
dents’ acceptance of technology. The proposal is
critical to understanding students’ willingness to
engage with Al tools in learning environments
(Legramante et al., 2023).

Despite their utility, Al chatbots pose a risk
of generating incorrect information, as noted by
Chinonso et al. (2023) and Groothuijsen et al.
(2024). Additionally, Groothuijsen et al. (2024)
highlight the uncertainty surrounding how stu-
dents and instructors should approach errors in
Al-generated responses to maximize their educa-
tional benefit.

Addressing this research gap, the present study
examines the potential for developing students’
programming competence by engaging them in
identifying and correcting errors in Al chatbot-
generated responses. The research question guiding
this study is: How does resolving errors in Al chat-
bot-generated code influence students’ competence
in computer programming? The findings contrib-
ute to the broader discourse on Al in education and
provide insights for structuring effective learning
processes in programming instruction.

METHOD

To investigate the research question, an experi-
ment was conducted within an extracurricular C++
programming club at the Department of Physics
and Mathematics at Zhetysu University, Republic
of Kazakhstan. The club is attended annually by
40 second-year students who have prior experience
with fundamental programming concepts in C or

C++. Its primary objective is to provide in-depth
instruction on object-oriented design, templates,
and template metaprogramming—topics that
are typically not covered in sufficient detail dur-
ing regular coursework due to time constraints.
The participating students share a similar aca-
demic background, follow the same curriculum,
are enrolled in comparable disciplines, and have
aligned class schedules.

Prior to the intervention, baseline data were
collected to establish the initial equivalence of the
experimental and control groups across relevant
characteristics. This comparison was necessary to
ensure that any observed differences in outcomes
could be attributed to the experimental condi-
tions rather than pre-existing disparities between
the groups.

Admission to the club is contingent upon pass-
ing an entrance examination designed to assess
programming proficiency. This assessment con-
sists of a combination of programming problems
and theoretical questions aimed at evaluating
students’ foundational knowledge and problem-
solving skills. The maximum achievable score
on the examination is 200 points, allowing for
a comprehensive evaluation of a wide range
of competencies.

The average entrance exam scores were 130
for students in the experimental group and 135
for students in the control group. While a slight
difference was observed, the scores fall within a
narrow range, indicating that both groups demon-
strated comparable levels of initial performance
and understanding. Statistical analysis confirmed
that these differences were not statistically sig-
nificant, supporting the assumption that the groups
were equivalent prior to the intervention. This
minimal variation suggests that the participants’
initial preparation and knowledge base were nearly
identical. Given the comprehensive nature of the
entrance examination, which evaluates a broad
spectrum of programming concepts and problem-
solving skills, it can be concluded with confidence
that both groups entered the study with similar lev-
els of proficiency. Consequently, any differences in
study outcomes are unlikely to result from dispari-
ties in prior knowledge or preparation, ensuring
that both groups had a comparable starting point
within the context of this research.
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The control group participated in the club
one year before the experiment. Meetings were
held twice weekly, following a structured format.
Students were divided into subgroups of 20 par-
ticipants each. Each session commenced with an
instructor-led explanation of a theoretical concept,
delivered using an interactive board. Subsequently,
students were presented with an assignment con-
sisting of a code fragment generated by an Al
chatbot (ChatGPT) displayed on the board. The
assignment required students to analyze the code,
explain its functionality, and either optimize it
or modify it to incorporate additional features.
Students were allocated up to 45 minutes to com-
plete the task. In cases where errors were identified
in the provided code, the instructor could request
an alternative code fragment from the Al chatbot
for further examination and refinement.

At the conclusion of each topic within the
curriculum, students completed an examination
designed to assess their comprehension of the
material covered during club sessions. The exami-
nation required students to analyze a code fragment
generated by the same Al chatbot, optimizing
or extending it with specified new functional-
ity. Additionally, the examination included a task
requiring the development of a small application
utilizing C++ features introduced during the club
sessions. Examination scores were assigned based
on the rubric outlined in Table 1.

The simplified rubric presented in Table 1 was
implemented to standardize the assessment pro-
cess and ensure clear, focused evaluation criteria.
The primary objective was to minimize ambigu-
ity and enhance efficiency in assessing student

performance. By emphasizing key aspects of the
assigned tasks while eliminating unnecessary
complexity, the rubric facilitated a transparent
and consistent evaluation framework applicable to
all participants.

Additionally, the use of a simplified rubric
improved interrater reliability by ensuring that
multiple evaluators assigned similar scores to
the same work. This consistency was critical for
maintaining the validity of the study, as it reduced
the influence of individual rater differences and
enabled reliable comparisons across participants.

The three-point scale (0—5-10) provided an
appropriate level of granularity for the study’s
objectives. This scale balanced simplicity with the
need to effectively differentiate student perfor-
mance. The three levels captured a range of student
achievement, from incomplete work (0 points) to
partial completion with noticeable gaps (5 points)
and fully complete, high-quality submissions (10
points). This scale was sufficient to distinguish
varying levels of understanding and task com-
pletion while maintaining a clear and objective
evaluation process. Given the nature of the assign-
ments and the study’s objectives, this approach
allowed for the assessment of students’ progress
without introducing unnecessary complexity.
Moreover, the use of this three-scale rubric has
been an established practice in the club’s activities
since its inception.

The instructional format for the experimental
group closely mirrored that of the control group,
with one key distinction: The code fragments
provided to students, generated by an Al chat-
bot, contained deliberate errors. Students were

TableT.
Grading Rubric for Final Examination
Grade Criteria Completion Quality Effort Level Remarks
. . . . Work shows clear
Assignment is fully complete, meets all requirements, Excellent, High effort, .
. . mastery of topic and
10 demonstrates thorough understanding, and is Fully Completed noerrorsor exceeds iswell-oraanized
of high quality with no errors or omissions. omissions expectations g
and thoughtful.
Assignment is partially complete, meets Contains Moderate effort, Workisincomplete
5 some requirements, but contains significant Partially Completed | some errors meets basic but demonstrates
gaps, errors, or lacks depth in key areas. or omissions requirements some understanding.
Assignment is not complete at all, does . Does not meet the
L . Poor quality or . . .
0 not meet the minimum requirements, Incomplete missing content Minimal to no effort | required criteria
oris missing critical components. g for completion.
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required to identify and correct these errors as part
of their assignments. In the final examination, the
Al-generated code fragment also included inten-
tional errors, which students were expected to
detect and resolve.

The topics covered during club sessions for
both groups included custom generic containers,
such as AVL trees, splay trees, red-black trees,
and hash maps. Additionally, discussions focused
on generic algorithms for processing these data
structures. Students completed their programming
tasks using Ubuntu-based laptops and online C++
coding platforms. Instruction was delivered by
the same educators for both groups: one instruc-
tor was responsible for theoretical content, while
another supervised practical assignment. The final
examinations were also administered by the same
instructors to ensure consistency in assessment.

The tasks assigned to participants in both the
experimental and control groups were compa-
rable in content and complexity. These tasks were
structured into distinct topics, which are listed in
Table 2.

For example, when studying Binary Search
Trees (BST), a student in the control group may
have received a C++ implementation of the Insert()
method, which is designed to add a new node to
a tree intended for moderate-sized datasets. While
functionally correct, the implementation is highly
inefficient. It employs raw loops instead of recur-
sion or structured approaches and traverses the
entire tree for each insertion without early termi-
nation. Additionally, the method does not include
checks for potential memory allocation failures.

Alternatively, students may be provided with a
method for deleting a node from the tree. This
method fails to account for potential errors and
includes unnecessary recursive calls when the
specified node is not found. In both cases, the
code 1s inefficient, redundant, and lacks essential
error handling. The students’ task is to identify
these inefficiencies, optimize the logic, improve
memory management, and implement more
efficient algorithms.

In contrast, students in the experimental
group received code containing both syntactic
and semantic errors, preventing successful com-
pilation. Examples of such errors include missing
brackets or semicolons, uninitialized pointers to
left and right child nodes, and incorrect compari-
son operators leading to improper node placement.
Additionally, errors may include incorrect return
types or parameter types, as well as improperly
handled base cases in recursive functions. For
instance, when the tree is empty, the algorithm may
fail to initialize the root node correctly. Similarly,
if the node to be inserted is found during recursive
traversal, the method may not correctly terminate
recursion, leading to unnecessary further checks
or operations that could be avoided with a correct
base case implementation.

The provided code fragments were intention-
ally kept small, ensuring they could be displayed
on a single screen without requiring scrolling.
Table 3 presents an example of code provided to
students in the experimental group, which includes
syntactic errors. This code was used in the study of
Binary Search Trees (BST).

Table 2.

Topics of Tasks Assigned in the Club
No Topic Data Structure
1 Operations of insertion, lookup, and deletion for a Binary Search Tree (BST). BST
2 Returning the minimum and maximum values stored in the tree. BST
3 Rebalancing oninsertion and deletioninan AVL tree. AVLTree
4 Checkingif a given binary tree is an AVL Tree, using height-balance criteria. AVLTree
5 Insertion, deletion, and rebalancing for a Red-Black Tree with adherence to color rules. Red-Black Tree
6 Visualization for Red-Black Trees with highlighting each node’s color (red or black). Red-Black Tree
1 Insert, delete, and search operations for a HashMap with separate chaining for collision handling. HashMap
8 Dynamic resizing of the HashMap based on load factor to optimize performance. HashMap
9 Optimization of the performance of BST, AVL Tree, and Red-Black Tree for insertion and search operations. BST, AVLTree, Red-Black Tree
10 Choosing the optimal data structure for the given dataset. All
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Table 3.
Example Code with Syntactic Errors for BST Study

void insert(TreeNode* node, int val) {
if (val <node->value)
if (node->left == nullptr)
node->left = new
TreeNode(val);
else

insert(node->left, val);

Table 4 provides an example of code presented
to students in the experimental group that contains
semantic errors. This code is used in the study of
Binary Search Trees (BST) and exhibits flaws in
its logical structure or program flow, resulting in
incorrect behavior or outcomes despite being syn-
tactically correct.

Table 4.
Example Code with Semantic Errors for BST Study

void insertNode(TreeNode* node, int val) {
if (node == nullptr) {
node = new TreeNode(val);
return;

if (val < node->val) {
insertNode(node->left, val);
} else if (val > node->val) {
insertNode(node->right, val);
!

The present study utilized the tasks outlined
in Table 2, implemented as problems similar to
those presented in Tables 3 and 4, as the primary
assessment method to evaluate the effectiveness of
the learning approach employed during the club’s
meetings and to analyze the performance of the
participating students. Data analysis was con-
ducted using descriptive statistical methods via an
online spreadsheet application and the SPSS soft-
ware package. Specifically, the analysis focused on
calculating participants’ average grades based on
their performance in assigned tasks. Grades were
recorded in the spreadsheet and the SPSS environ-
ment, where built-in statistical functions were used
to compute the mean score, providing an overall

measure of student performance. A mean score of
7.75 or higher was defined as a positive outcome
for the experimental group, while the control group
achieved a mean score of 6.25.

Following the completion of the experiment and
data collection, statistical analysis was conducted to
compare the academic performance of the experi-
mental and control groups. A two-sample #-test was
applied to compare the mean performance scores
between the groups. This test was selected because
it is appropriate for assessing differences in means
between two independent samples.

The p-value for the ¢-test was calculated to
determine whether the observed differences in aca-
demic performance were statistically significant. A
significance level (o) of 0.05 was established a pri-
ori, with p-values below this threshold indicating
that the differences between groups were unlikely
to have occurred by chance.

In addition to performance-based evaluation,
a questionnaire was administered to gather fur-
ther insights into participants’ experiences and
perceptions. This qualitative data contextualized
the performance metrics, offering a more compre-
hensive understanding of participants’ views on
their progress and the effectiveness of the club’s
activities. The questionnaire data were analyzed
using descriptive statistics within the same online
spreadsheet application and the SPSS package. The
target outcome for the questionnaire was that at
least 70% of students would respond “yes” to both
the first and second questions. The contents of the
questionnaire are summarized in Table 5.

Table 5.
Questionnaire for Experimental Group

Qu:;tllon Question
1 Has your competence in computer programming improved
asaresult of participating in the club activities? (Yes/No)
? Has your interest in computer programming increased as
aresult of participating in the club activities? (Yes/No)
3 Doyoufind that the tasks and activities from the club could
be effectivelyincorporated into regular lessons? (Yes/No)

The questionnaire was administered to the
experimental group immediately following the
final examination via email. Two participants did
not submit responses.
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The distribution and processing of the question-
naire, as well as all other experimental procedures,
were conducted with the informed consent of the
club’s participants. They were fully briefed on the
study’s objectives, methodology, and the intention
to publish the findings in a research paper.

RESULTS
The examination grades of the first subgroup of
the experimental group, following the completion

of each topic outlined in Table 2, are presented in
Table 6.

Table 6.
Performance of the first subgroup of the experimental group

Topic No Mean Score
1 6.75
2 8.5
3 75
4 8.0
5 15
6 175
7 75
8 75
9 1.75
10 9.0
Resulting mean score = 7.775

Meanwhile, the grades obtained by the first
subgroup of the control group while working on
the same topics are presented in Table 7.

Table7.
Performance of the First Subgroup of the Control Group

Topic No Mean Score
1 6.0

2 6.5
3 6.25
4 6.5
5 6.0
6 55
7

8

9

6.0
6.5
6.0
10 7.0
Resulting mean score = 6.225

Table 8 presents the grades achieved by the
second subgroup of the experimental group on the
topics from Table 2.

Table 8.
Performance of the Second Subgroup of the Experimental Group

Topic No Mean Score
1 8.5
9.25
9.5
9.25
9.25
9.5
9.0
9.5
9.25
10 9.5
Resulting mean score = 9.25

Ol N || &> w |

Next, Table 9 presents the grades of the second
subgroup of the control group on the same topics.

Table 9.
Performance of the Second Subgroup of the Control Group

Topic No Mean Score
1 6.5
75
75
75
75
75
7.0
1.25
7.0
10 1.25
Resulting mean score = 7.25

Ol N oo |~ |[w |

An analysis of the grades presented in the data
tables indicates that both the first and second sub-
groups within the experimental group consistently
outperformed their counterparts in the control
group. This trend suggests that the interventions
applied to the experimental group had a positive
impact on academic performance, with measurable
improvements observed.

In order to determine whether the observed
difference in topic-level performance between two
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student subgroups was statistically significant,
t-test was conducted using the SPSS package. This
test was appropriate because both groups were
assessed on the same set of 10 topics, allowing for
an evaluation of whether the mean scores differed
systematically across these matched topic pairs.
The null hypothesis (/1) stated that there was
no difference in the mean scores between the two
subgroups across the 10 topics. In contrast, the
alternative hypothesis (H[]) posited that there was
a significant difference in the mean scores between
the two groups. A rejection of the null hypothesis
would suggest that the observed difference in per-
formance was statistically significant. Table 10
contains the paired sample statistics obtained dur-
ing the #-test, involving the first subgroups of the
experimental group (EG) and control group (CG).

Table 10.
Paired Sample Statistics of the First Subgroups
of Control and Experimental Groups

st
Pair | Mean (EG) Stfég)e"' Mean(CG) | Dev. | N

(CG)
EG-CG 1.175 0.617 6.225 0.416 10

Following the analysis of the paired sample
statistics, the paired samples correlations for the
same subgroups were examined to assess the
strength and direction of the relationship between
the performance scores across the 10 topics. The
correlations are given in Table 11.

Table 11.
Paired Samples Correlations for the First Subgroups
of Control and Experimental Groups

Pair Correlation N
0.652 10

EG-CG

The correlation (r) between the experimen-
tal group and the control group is approximately
0.652, indicating a moderate positive relationship
between the two sets of scores.

Building on the paired sample statistics, a
paired samples #-test was conducted to determine
whether there was a statistically significant differ-
ence in performance between the subgroups across
the 10 topics. The results of the test are displayed
in Table 12.

Table 12.
Paired Samples t-test for the First Subgroups
of Control and Experimental Groups

pair | Mean | Std | gl g

, -value
Difference | Dev. p

EG-CG 1.55 0.468 | 10.46 | 9 041 0.041

As shown in Table 12 the difference in aver-
age grades between the experimental and control
groups is statistically significant (p < 0.05). These
results suggest that the experimental subgroup per-
formed significantly better across all topics.

Table 13 contains the paired sample statistics
obtained during the #-test, involving the second
subgroups of the experimental and control groups.

Table 13.
Paired Sample Statistics of the Second Subgroups
of Control and Experimental Groups

Mean | Std.Dev. | Mean | Std.Dev.

Pair 1 k) | Ee) | (co) | (ce)

EG-CG 9.25 0.27 7.25 0.40 10

Following the analysis of the paired sample
statistics, the paired samples correlations for the
same subgroups were examined to assess the
strength and direction of the relationship between
the performance scores across the 10 topics. The
correlations are given in Table 14.

Table 14.
Paired Samples Correlations for the Second Subgroups
of Control and Experimental Groups

Pair Correlation
EG-CG ~0.90

Sig. (2-tailed) N
0.0053 10

The correlation (r) between the experimental
group and the control group is approximately 0.90,
indicating a strong positive relationship between
the two sets of scores.

Building on the paired sample statistics, a
paired samples ¢-test was conducted to determine
whether there was a statistically significant differ-
ence in performance between the subgroups across
the 10 topics. The results of the test are displayed
in Table 15.
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Table 15.
Paired Samples t-test for the First Subgroups
of Control and Experimental Groups

. Mean .
Pair Difference t-statistics Df p-value
EG-CG 2.00 3. 9 0.0053

This suggests that there is a highly significant
difference between the experimental and control
groups. The experimental group performs signifi-
cantly better than the control group based on the
analysis. Thus, with this p-value, it is clear that
the null hypothesis is rejected, and the evidence
strongly supports a significant difference between
the groups.

This result strongly supports the conclusion
that the interventions had a meaningful impact on
the academic outcomes of the experimental group.
The low p-value provides strong evidence that the
observed performance advantage is unlikely to
have occurred by chance, reinforcing the effective-
ness of the study’s interventions.

These findings provide strong evidence that the
interventions had a meaningful effect on the aca-
demic outcomes of the experimental group. The
low p-value further supports the conclusion that
the observed performance improvements were not
due to chance, reinforcing the effectiveness of the
applied instructional approach.

The results of the questionnaire administered
at the conclusion of the experiment are presented
in Table 16.

Table 16.
Questionnaire Results

Question Percentage of . Confidence
Yes Responses | Proportion
No o Intervals (CIs)
(%)
1 75 0.75 95%1[0.61,0.89]
2 85 0.85 95%[0.74,0.96]
3 85 0.85 95%[0.74, 0.96]

Table 16 illustrates that the majority of inter-
viewed students demonstrated a strong preference
for the methodology employed within the club.
Moreover, a significant number of students expressed

a preference for the integration of this methodology
into their regular academic curriculum.

As related to confidence intervals (Cls), 75%
of students reported an improvement in program-
ming skills (95% CI: [0.61, 0.89]) indicating strong
confidence in the intervention’s effectiveness.
Additionally, a binomial test confirmed that the
proportion of students reporting increased pro-
gramming interest (85%) was significantly higher
than a neutral expectation of 50%, p < .001, sug-
gesting strong student engagement.

The tasks assigned within the extracurricu-
lar programming club provided students with
the opportunity to engage with the methodology,
generating measurable performance data across
key programming competencies. The question-
naire responses captured a range of perspectives
on task engagement, perceived learning, and skill
application, offering a comprehensive overview
of students’ experiences with the instructional
approach. Collectively, these findings provide a
robust data set that serves as the basis for further
analysis in the Discussion section.

DISCUSSION

The results of both the questionnaire and the
tasks completed within the club indicate that the
experiment successfully achieved all predefined
quantitative objectives. Data collected from the
questionnaire, reflecting participants’ perceptions
and experiences, alongside performance metrics
derived from task completion, demonstrate that the
expected outcomes were met. Notably, participant
responses indicated a high level of engagement
and satisfaction with the methodologies employed,
while task results confirmed the effectiveness of
the interventions in developing targeted program-
ming competencies. These findings affirm the
robustness of the experimental design, as all objec-
tives were fully realized.

The results of this study align with previous
research, including the findings of Groothuijsen et
al. (2024) and Xie et al. (2019), which emphasize the
benefits of integrating Al chatbots into program-
ming education to enhance the learning process.
Furthermore, these results corroborate those of
Rahman & Watanobe (2023), who identified Al
chatbots as valuable tools for addressing program-
ming errors. This study extends Rahman’s findings
by demonstrating that requiring students to detect
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and correct intentional errors in Al-generated code
is an effective approach to improving program-
ming proficiency.

Engaging students in analyzing and debug-
ging flawed code encourages deeper interaction
with programming concepts, reinforcing their
understanding of syntax, logic, and common error
patterns. This approach not only enhances tech-
nical proficiency but also fosters critical thinking
and problem-solving skills, which have broader
academic applications. Additionally, exposure to
Al-generated errors familiarizes students with
real-world debugging challenges, better preparing
them to independently identify and resolve similar
issues in their own work. By practicing error cor-
rection within a structured and supportive learning
environment, students may also gain increased
confidence in debugging. The use of Al chatbots
for deliberate error generation offers a novel means
of supplementing traditional programming exer-
cises, providing a controlled setting for students
to learn from mistakes and improve their coding
accuracy and resilience.

One of the broader implications of the present
study is that, unlike traditional learning environ-
ments, it enables students to engage with artificial
intelligence tools in a more productive and benefi-
cial manner. The present study’s approach aligns
with constructivist learning theory by motivating
students for active and self-directed learning activ-
ities, and is further supported by the Technology
Acceptance Model, which emphasizes the impor-
tance of perceived usefulness and ease of use
in technology adoption. Rather than remaining
passive recipients of educational information gen-
erated by Al chatbots, students are motivated to
adopt a more active learning approach. The meth-
odology presented in this paper encourages an
attitude where learners actively question, test, and
adjust Al-generated responses—thus, transform-
ing the chatbot from a source of static information
into a dynamic and interactive learning partner.
This active engagement not only deepens students’
understanding within the context of program-
ming but also develops broader digital literacy
skills essential in today’s Al-driven world. When
employed in this way, Al chatbots are not merely
instructional aids but become valuable compan-
ions in the learning process, contributing to a more
interactive and motivating educational experience

across various academic disciplines, not just com-
puter programming.

Despite these positive outcomes, several limi-
tations of this study should be acknowledged. First,
the study was limited to a single programming lan-
guage, which may restrict the generalizability of
the findings to other languages with different syn-
tax and structures. Additionally, only topics related
to generic containers were included in the assess-
ment, leaving other fundamental programming
concepts unexplored within this methodology. The
study also did not examine whether similar results
would be obtained if students themselves generated
erroneous code using Al chatbots. Furthermore,
the participant sample size was relatively small,
which may limit the generalizability of the con-
clusions. Future research could address these
limitations by incorporating multiple program-
ming languages, expanding the range of topics
covered, and exploring more interactive forms of
student-Al engagement.

Educators interested in replicating this
approach can implement the method using publicly
available Al tools, such as ChatGPT, to generate
code fragments with intentional syntax or logic
errors. These fragments can be used in 30—45 min-
ute sessions where students work individually or in
small groups to identify, understand, and correct
the errors. Assessment can be based on students’
ability to accurately detect and fix these errors,
with the instructor providing constructive feed-
back where necessary. To ensure accessibility of
this method for learners of varying skill levels,
instructors may provide hints or guidance when
needed. Minimal technical requirements are nec-
essary, and teachers are encouraged to review the
Al-generated material in advance and gain famil-
iarity with the tools to ensure the activities align
with course objectives.

CONCLUSION

This study underscores the potential of Al
chatbots in programming education by enabling
students to engage with deliberately introduced
errors in code. The findings indicate that this
approach effectively reinforces students’ under-
standing of key programming concepts while
enhancing their problem-solving abilities. Through
direct engagement with debugging tasks, students
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develop hands-on experience that contributes to
increased confidence and technical proficiency.

While the study provides valuable insights, sev-
eral limitations must be considered. The exclusive
focus on a single programming language and the
specific topic of generic containers may limit the
broader applicability of the results. Additionally,
the study did not examine the effects of allow-
ing students to actively generate erroneous code
using the chatbot, an area that warrants further
investigation. Future research could address these
limitations by incorporating multiple program-
ming languages, expanding the range of covered
topics, and exploring alternative student-Al inter-
action models.

Overall, the study contributes to the growing
body of research on Al in education, offering a
foundation for further exploration into the role of Al
chatbots in programming instruction. By address-
ing the identified limitations, this methodology has
the potential to further enhance programming edu-
cation across diverse learning contexts.

In addition to the aforementioned areas to
be explored further, it is important to explore
the potential impact of using other student-Al
interaction models as well. The current study
primarily focuses on a model that implies that
students actively request erroneous code from the
chatbot. Future research could deal with the model
of passive engagement, where students work with
pregenerated errors, or the adaptive model, where
Al chatbot tailors the errors aligned with student
performance. Testing these models could offer a
deeper insight into the methodology discussed in
the current study and contribute to more personal-
ized and adaptive learning experiences.

Furthermore, the possible implications of inte-
grating Al chatbots into programming education
are not limited to their use in individual learning
settings. Advancements in Al-driven educational
tools allow them to play a significant role in form-
ing future programming curricula by considering
personalized, interactive learning experiences. The
integration of Al could also contribute to creating
adaptive learning environments, where students
receive real-time feedback and guidance to improve
their academic performance and learning outcomes.
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