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Abstract

Purpose This study investigates the impact of Al-assisted pair programming on undergraduate students’intrinsic
motivation, programming anxiety, and performance, relative to both human-human pair programming and indi-
vidual programming approaches.

Methods A quasi-experimental design was conducted over two academic years (2023-2024) with 234 undergradu-
ate students in a Java web application development course. Intact class sections were randomly assigned to Al-
assisted pair programming (using GPT-3.5 Turbo in 2023 and Claude 3 Opus in 2024), human-human pair program-
ming, or individual programming conditions. Data on intrinsic motivation, programming anxiety, collaborative
perceptions, and programming performance were collected at three time points using validated instruments.

Results Compared to individual programming, Al-assisted pair programming significantly increased intrinsic motiva-
tion (p<.001, d=0.35) and reduced programming anxiety (p <.001), producing outcomes comparable to human-
human pair programming. Al-assisted groups also outperformed both individual and human-human groups

in programming tasks (p <.001). However, human-human pair programming fostered the highest perceptions of col-
laboration and social presence, surpassing both Al-assisted and individual conditions (p <.001). Mediation analysis
revealed that perceived usefulness of the Al assistant significantly mediated the relationship between the program-
ming approach and student outcomes, highlighting the importance of positive perceptions in leveraging Al tools

for educational benefits. No significant differences emerged between the two Al models employed, indicating

that both GPT-3.5 Turbo and Claude 3 Opus provided similar benefits.

Conclusion While Al-assisted pair programming enhances motivation, reduces anxiety, and improves performance,
it does not fully match the collaborative depth and social presence achieved through human-human pairing. These
findings highlight the complementary strengths of Al and human interaction: Al support can bolster learning out-
comes, yet human partners offer richer social engagement. As Al capabilities advance, educators should integrate
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such tools thoughtfully, ensuring that technology complements rather than replaces the interpersonal dynamics
and skill development central to effective programming education.

Keywords Al-assisted pair programming, Intrinsic motivation, Programming anxiety, Collaborative learning,

Programming performance

Introduction

Integration of Al in education

The integration of Artificial Intelligence (AI) technolo-
gies into educational settings has been rapidly expanding
in recent years. This shift represents a significant trans-
formation in educational technology, offering new pos-
sibilities for personalized learning, automated support,
and enhanced student engagement (Gu & Cai, 2021). Al’s
potential to augment educational experiences has led to
its adoption across various levels of education, from pri-
mary schools to universities, with applications ranging
from adaptive learning systems to intelligent tutoring
platforms (Abdelghani et al., 2022).

In higher education, the integration of AI has been
particularly notable. Several universities have begun
to allow or even encourage the use of Al-powered cod-
ing assistants in computer science courses, recognizing
their potential to support student learning and problem-
solving skills (Becker et al., 2023). Large language models
are being explored for various educational applications,
including generating practice questions, providing expla-
nations for intricate concepts, and offering personal-
ized feedback on student work (Denny et al., 2022).
These developments suggest a broader shift towards Al-
enhanced education, where technology serves as a collab-
orator in the learning process rather than merely a tool.

However, there is a notable lack of quantitative
research examining their impacts, particularly concern-
ing affective factors such as student motivation, anxiety,
and perceptions of collaboration. While both early anec-
dotal reports and several qualitative research studies have
provided valuable insights into the potential benefits of
Al integration in education (Jiao et al., 2023), large-scale
quantitative analyses remain scarce. This gap in the liter-
ature is particularly concerning given the significant role
that affective factors play in student learning outcomes
and overall educational experiences.

Challenges in programming education

Programming education faces significant challenges in
maintaining student engagement and managing anxi-
ety levels, which can substantially impact learning out-
comes and retention rates in computer science programs.
One of the primary issues is the difficulty in sustaining
high levels of intrinsic motivation among students. The

complex and abstract nature of coding often leads to
a decline in motivation as students’ progress through
their coursework (Lye & Koh, 2014). This decrease can
be attributed to the cognitive demands of programming,
which require students to simultaneously grasp abstract
concepts, apply logical thinking, and master syntax rules
(Buitrago Flérez et al., 2017).

These challenges are compounded by the rapid pace at
which programming languages and technologies evolve.
The constant change can create a sense of uncertainty
and inadequacy among learners, potentially diminishing
their confidence and enthusiasm for the subject (Demir,
2022). Additionally, the disconnect between theoretical
knowledge and practical application in many program-
ming courses can lead to a lack of perceived relevance,
further eroding student motivation (Igbal Malik & Cold-
well-Neilson, 2017). Another significant challenge is the
prevalence of programming anxiety among students.
This anxiety can manifest as fear of failure, apprehen-
sion about making mistakes, or a general sense of unease
when faced with coding tasks (Chang, 2005). Program-
ming anxiety is particularly problematic as it can create
a self-reinforcing cycle where anxiety leads to avoidance,
resulting in reduced practice and skill development,
which further exacerbates anxiety levels (Cheng et al.,
2022). The impact of programming anxiety on learning
outcomes is substantial, leading to decreased perfor-
mance and, in severe cases, contributing to higher drop-
out rates in computer science programs (Watson & Li,
2014).

Addressing these challenges requires a multifaceted
approach that considers both the cognitive and affec-
tive dimensions of learning programming. Innovative
teaching methods, such as game-based learning and pair
programming, have shown promise in enhancing stu-
dent motivation and reducing anxiety (Wei et al., 2021;
Zapata-Céceres & Martin-Barroso, 2021). Moreover,
integrating real-world projects and emphasizing prob-
lem-solving skills can help students perceive the rel-
evance of their learning, potentially boosting intrinsic
motivation (Malik et al., 2022).

Pair programming as a pedagogical approach
Pair programming, a collaborative software develop-
ment technique, has gained significant traction as a
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pedagogical approach in computer science educa-
tion. This method involves two programmers work-
ing together at a single workstation, with one acting as
the "driver" who writes the code and the other as the
"navigator" who reviews each line of code as it is typed
(Freeman et al., 2003).

One of the primary advantages of pair programming
is its positive impact on code quality. Collaboration in
real-time allows for immediate error detection and cor-
rection, leading to fewer defects and improved overall
code structure (Miller, 2004). This continuous peer
review process not only enhances the immediate out-
put, but also contributes to the development of critical
thinking and problem-solving skills in students. Knowl-
edge sharing is another crucial benefit of pair program-
ming in education. As students work together, they
engage in continuous dialogue, explaining their thought
processes and strategies. This verbal articulation of
ideas facilitates deeper understanding and retention of
programming concepts (Beck & Chizhik, 2013). Recent
studies have demonstrated the effectiveness of vari-
ous collaborative approaches in programming educa-
tion, with Chen and Huang (2024) showing significant
improvements in learning performance through Jigsaw-
based collaborative programming in virtual environ-
ments. Additionally, Ouyang et al. (2022) found that
instructor scaffolding in small group programming
collaborations can have both immediate and lasting
positive effects on learning outcomes. Moreover, the
collaborative nature of pair programming fosters a sup-
portive learning environment where students can learn
from each other’s strengths and experiences. Increased
engagement is a notable outcome of implementing pair
programming. The interactive nature of this approach
helps maintain student focus and motivation through-
out the coding process. Studies have shown that pair
programming can lead to higher levels of student satis-
faction and reduced frustration compared to individual
programming tasks (Wei et al., 2021).

One significant challenge of pair programming is the
potential mismatch in skill levels between partners.
When there is a considerable disparity in programming
abilities, the collaboration may become less effective,
with the more skilled student potentially dominating
the process or becoming frustrated with their partner’s
pace (Sfetsos et al., 2006). Another notable limitation
is the difficulty in scheduling collaborative sessions.
Coordinating the availability of two students can be
challenging, especially in higher education settings
where students often have diverse schedules and com-
mitments (Govender & Grayson, 2006). This schedul-
ing challenge can make consistent implementation of
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pair programming difficult in traditional educational
environments.

Al-assisted pair programming

The advent of advanced language models like GPT and
Claude has opened new possibilities for addressing some
of the limitations of traditional pair programming while
potentially enhancing its benefits. Al-assisted pair pro-
gramming proposes using Al models as virtual partners,
offering a novel approach to collaborative coding in edu-
cational contexts. Introducing Al assistants in pair pro-
gramming could mitigate several challenges associated
with human-human pairing (Lau & Guo, 2023). For
instance, an Al partner can provide immediate feedback
and personalized assistance, effectively playing the role
of both driver and navigator as needed (Bird et al., 2022).
This capability addresses the issue of mismatched skill
levels by offering consistent, high-quality support tai-
lored to the individual student’s needs. The flexibility in
scheduling is a significant advantage of Al-assisted pair
programming. Students can engage with their AI part-
ner at any time, eliminating the need to coordinate with a
human partner (Dakhel et al., 2023). Moreover, AI mod-
els can provide real-time suggestions, explain concepts,
and offer alternative approaches, enhancing the learning
experience (Barke et al., 2023). This constant availability
of expert-level guidance could significantly boost student
confidence and reduce frustration often associated with
solo programming.

However, concerns remain regarding its ability to repli-
cate the social and collaborative aspects of human inter-
action that are valuable in pair programming. Human
partners contribute to learning not just through technical
assistance, but also through social support, motivation,
and the development of communication skills (Williams
et al., 2000). An Al partner may not fully replicate these
social dimensions. Additionally, there is a notable lack of
quantitative research examining their affective and col-
laborative impacts on students. Specifically, there is lim-
ited understanding of how Al-assisted pair programming
influences student motivation, programming anxiety, and
perceptions of collaboration and social interaction com-
pared to traditional human—human pair programming
(Ji et al., 2023). Given the aforementioned challenges and
the rapid evolution of Al technologies, there is a critical
need for empirical research that examines the affective
and collaborative impacts of Al-assisted pair program-
ming. Specifically, gaps exist in: (1) understanding how
Al-assisted pair programming impacts students’ intrinsic
motivation, programming anxiety, and programming per-
formance compared to traditional pair programming and
individual programming; (2) assessing how Al-assisted
pair programming influences students’ perceptions of
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collaboration and social interaction during programming
tasks compared to human—human pair programming; (3)
determining whether Al-assisted pair programming can
effectively replicate or compensate for the social and col-
laborative learning benefits and performance outcomes
associated with human-human pair programming; (4)
comparing different AI models, such as GPT-3.5 Turbo
and Claude 3 Opus, in terms of their affective, collabora-
tive, and performance impacts on students.

To comprehensively understand the impact of Al-
assisted pair programming, it is essential to explore not
only the direct effects on student motivation, anxiety, and
performance, but also the underlying mechanisms that
facilitate these outcomes. The Technology Acceptance
Model (TAM) (Davis, 1989; Venkatesh & Davis, 2000)
provides a robust framework for examining how users
come to accept and utilize new technologies. Accord-
ing to TAM, perceived usefulness (PU) and perceived
ease of use (PEQOU) are critical determinants of tech-
nology acceptance and subsequent usage behaviors. In
the context of Al-assisted pair programming, PU refers
to the extent to which students believe that using the
Al assistant enhances their programming performance,
while PEOU pertains to the ease with which students can
interact with the AI partner. Building on TAM, this study
hypothesizes that the perceived usefulness of Al-assisted
programming mediates the relationship between the pro-
gramming approach (Al-assisted vs. traditional methods)
and key student outcomes, including intrinsic motiva-
tion, programming anxiety, and performance. By investi-
gating this mediation, the study aims to uncover how the
effectiveness of Al tools is not only direct, but also oper-
ates through students’ perceptions of their utility, thereby
providing deeper insights into the mechanisms driving
the observed outcomes.

Current study

To address the identified gaps, this study aims to inves-
tigate how Al-assisted pair programming using GPT-
3.5 Turbo and Claude 3 Opus affects undergraduate
students’ intrinsic motivation, programming anxiety,
and perceptions of collaboration and social interaction
compared to traditional human—human pair program-
ming and individual programming without assistance.
The study also aims to assess whether advancements in
Al technology, specifically the transition from GPT-3.5
Turbo to Claude 3 Opus, offer improvements in replicat-
ing or compensating for the social and collaborative ben-
efits associated with human interaction in programming
education. Additionally, this study explores the under-
lying mechanisms by which Al-assisted programming
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influences these outcomes, specifically examining the
role of perceived usefulness of Al as a mediator.

To achieve the overarching aim of the study, the follow-
ing research questions have been formulated:

RQ1: How does Al-assisted pair programming (using
GPT-3.5 Turbo and Claude 3 Opus) impact students’
intrinsic motivation, programming anxiety, and pro-
gramming performance compared to traditional
human-human pair programming and individual
programming without assistance?

RQ2: In what ways does Al-assisted pair program-
ming influence students’ perceptions of collabora-
tion and social interaction during programming tasks
compared to traditional human-human pair pro-
gramming?

RQ3: Can Al-assisted pair programming effectively
replicate or compensate for the social and collabora-
tive learning benefits and programming performance
outcomes associated with human—human pair pro-
gramming?

RQ4: Are there significant differences in the affec-
tive, collaborative, and performance impacts between
using GPT-3.5 Turbo and Claude 3 Opus in Al-
assisted pair programming?

RQ5: To what extent does the perceived usefulness of
the Al assistant mediate the relationship between the
programming approach (Al-assisted vs. traditional
methods) and student outcomes (intrinsic motiva-
tion, programming anxiety, and programming per-
formance)?

Method
Research design and participants
This study employed a quasi-experimental, quantitative
design conducted over two consecutive academic years
(2023 and 2024) to investigate the impact of Al-assisted
pair programming on undergraduate students’ intrinsic
motivation, programming anxiety, collaborative percep-
tions, and programming performance. The research was
carried out at Taiyuan University of Science and Tech-
nology in ShanXi, China, specifically targeting students
enrolled in Java web application development course.
Participants were selected through a convenience sam-
pling method from six intact class sections over the two
academic years—three classes each year. These classes
were chosen based on their alignment with the study’s
focus on programming and the willingness of instruc-
tors to participate. By including entire class sections, we
aimed to maintain the ecological validity of the study
and minimize disruption to the educational environment
(Durlak & DuPre, 2008). Prior to the study, all students
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were asked to complete a pre-study survey assessing their
demographic information and prior Java programming
experience. Students reporting more than 12 months
of Java programming experience or prior completion
of advanced programming courses were excluded from
the final analysis to ensure baseline equivalence across
groups. However, these students continued to partici-
pate in all class activities to preserve the integrity of the
instructional environment.

To assign classes to experimental conditions, we
employed cluster randomization at the class level. The
three classes each year were randomly assigned to one of
the following conditions:

+ Group A: Al-assisted pair programming (using GPT-
3.5 Turbo in 2023 and Claude 3 Opus in 2024).

+ Group B: human—human pair programming.

+ Group C: individual programming (control group).

In 2023, the Al-assisted pair programming condition
employed the GPT-3.5 Turbo model, and in 2024, the
Claude 3 Opus model was introduced. Both models were
selected due to their status as state-of-the-art, large lan-
guage models widely recognized and utilized at the time
of data collection. Importantly, both GPT-3.5 Turbo and
Claude 3 Opus were accessible to students at no cost via
publicly available interfaces, ensuring that participants
could engage with these tools without financial barriers.

Randomization was conducted using a random num-
ber generator to ensure impartial assignment. This pro-
cess was supervised by a researcher not involved in data
collection to maintain objectivity. To ensure equivalence
between groups at baseline, we conducted statistical
analyses on key demographic and pre-study variables.
One-way ANOVAs and Chi-square tests were used to
compare age, gender distribution, prior Java program-
ming experience, and baseline scores on the Intrinsic
Motivation Inventory (IMI) and Programming Anxiety
Scale (PAS). The results indicated no significant differ-
ences among the groups on these measures (all ps>0.05),
confirming that the groups were comparable at the out-
set of the study. The detailed participant distribution
and exclusion is presented in Table 1. In addition to the
demographic and baseline Java programming experience
data, we also collected each participant’s Grade Point
Average (GPA) from the university’s academic records at
the start of each semester. GPA was chosen as a proxy for
general academic ability and conscientiousness. Prelimi-
nary analyses confirmed that GPA did not significantly
differ across the groups.

Ethical considerations were prioritized throughout the
study. All procedures were approved by the Taiyuan Uni-
versity of Science and Technology’s IRB (Protocol No.
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Table 1 Participant distribution and exclusion across study
groups and years

Year Group Initialn Excluded n Finaln

2023 A (Al-assisted with GPT-3.5 Turbo) 41 3 38

2023 B (human-human pair program- 42 2 40
ming)

2023 C(individual programming 42 4 38
control)

2024 A (Al-assisted with Claude 3 41 2 39
Opus)

2024 B (human-human pair program- 43 3 40
ming)

2024 C(individual programming 41 2 39
control)

Total 250 16 234

n number of participants

20230317), and informed consent was obtained from all
participants before data collection. Confidentiality and
anonymity were maintained by assigning unique identifi-
ers to participants and securely storing all data in accord-
ance with institutional policies and data protection laws.
Participants were informed of their right to withdraw
from the study at any time without penalty, as per ethi-
cal guidelines for educational research. At the conclusion
of each semester, debriefing sessions were conducted to
provide participants with information about the study’s
objectives, preliminary findings, and to address any ques-
tions or concerns. To mitigate potential ethical issues
related to differential instruction, a percentile-based
grading system was implemented, ensuring that stu-
dents’ final grades were determined relative to their peers
within the same treatment group.

Instruments and measures
Affective measures
To assess students’ intrinsic motivation, we utilized the
Intrinsic Motivation Inventory (Ryan, 1982). The IMI
is a multidimensional measurement device intended
to assess participants’ subjective experience related to
a target activity. For this study, we employed four sub-
scales: interest/enjoyment, perceived competence, effort,
and value/usefulness. The IMI has demonstrated good
internal consistency, with Cronbach’s alpha coefficients
ranging from 0.78 to 0.84 across subscales. Content and
construct validity have been established through factor
analyses and correlational studies (Deci et al., 1994). The
IMI was administered at three time points each year (T1:
beginning, T2: mid-semester, T3: end) to track changes
in motivation over time.

Programming-specific anxiety was measured using the
Programming Anxiety Scale (Yildirim & Ozdener, 2022).
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The PAS is a 11-item instrument designed to assess anxi-
ety levels specifically related to computer programming
tasks. It has shown high internal consistency (Cronbach’s
alpha=0.901) and good construct validity as evidenced
by significant correlations with related constructs (Yildi-
rim & Ozdener, 2022). The PAS was administered con-
currently with the IMI at all three time points to allow for
analysis of potential relationships between anxiety and
motivation.

Collaborative and social measures

To evaluate students’ perceptions of collaboration and
social interaction, we employed two instruments. The
Collaborative Learning Scale (So & Brush, 2008) was used
to assess perceptions of collaboration, mutual support,
and learning from others. The CLS has demonstrated
good internal consistency (Cronbach’s alpha=0.72) and
construct validity (So & Brush, 2008). The Social Pres-
ence Questionnaire (Kreijns et al., 2011) was utilized to
measure the degree of perceived social presence during
programming tasks. The SPQ has shown excellent relia-
bility (Cronbach’s alpha=0.92) and good construct valid-
ity as evidenced by confirmatory factor analysis (Kreijns
et al,, 2011). Both the CLS and SPQ were administered
at T2 and T3 to capture the development of collaborative
and social perceptions over the course of the study.

Technology acceptance measures

To assess students’ acceptance of Al technology in
programming education, we adapted the Technology
Acceptance Model (TAM) survey (Davis, 1989; Ven-
katesh & Davis, 2000). Our modified version focused spe-
cifically on the context of Al as a programming partner,
incorporating items that reflected students’ perceptions
of interacting with an AI model rather than a conven-
tional software tool. The original TAM items reference
“this product” and “my job” In our adaptation, these were
replaced with “the Al assistant” and “my programming
tasks” to better reflect the learning context. For example,
an original Perceived Usefulness (PU) item, “Using [this
product] in my job would enable me to accomplish tasks
more quickly’, became “Using the Al assistant in my pro-
gramming tasks enables me to complete coding activities
more quickly” Similarly, a Perceived Ease of Use (PEOU)
item such as “I would find [this product] easy to use” was
adapted to “It is easy to get the Al assistant to understand
my programming questions” The detailed modified ver-
sion is presented in supplementary material S1.

All adapted items were pilot tested with 30 undergrad-
uate students engaged in similar coursework to ensure
clarity, contextual relevance, and linguistic appropriate-
ness. The final adapted TAM demonstrated high internal
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consistency (Cronbach’s alpha=0.88 for PEOU and 0.91
for PU). The survey was administered at T2 and T3 to
measure changes in students’ technology acceptance over
time as they gained experience interacting with the Al
programming partner.

Programming performance metrics

To assess students’ programming performance, we col-
lected multiple objective measures. These included
assignment grades, code quality assessments using estab-
lished rubrics, and error rates in submitted code. Assign-
ment grades were standardized across groups to ensure
comparability. Code quality was assessed by two inde-
pendent raters using a rubric that evaluated factors such
as functionality, efficiency, readability, and adherence to
coding standards. Inter-rater reliability was high (Cohen’s
k=0.85). Error rates were calculated using automated
code analysis tools, providing an objective measure of
code correctness.

All surveys were originally developed in English. Given
that the research was conducted in China, it was neces-
sary to ensure that the instruments were both linguis-
tically and culturally appropriate. To achieve this, we
used a forward—backward translation procedure follow-
ing established guidelines for cross-cultural instrument
adaptation. First, two bilingual experts fluent in Eng-
lish and Chinese independently translated the English
versions of the surveys into Chinese. A third bilingual
expert, who had not seen the original English versions,
then back-translated the Chinese versions into English to
verify accuracy. Any discrepancies identified during this
process were resolved through discussion until a final
agreed-upon Chinese version was obtained.

Procedure

The study procedure was designed to ensure a system-
atic and ethically sound approach to data collection and
participant engagement over the course of two academic
years. At the outset of each semester, an orientation ses-
sion was conducted for all participants. During this ses-
sion, students were introduced to the study’s objectives
and procedures. Following consent procedures, baseline
surveys were administered.

Participants in Group A (Al-assisted pair program-
ming) received additional training on effectively using
the Al assistants as programming partners. This training
was based on best practices for human—AI collaboration
in educational contexts and was tailored to the specific
Al model used each year (GPT-3.5 Turbo in 2023, Claude
3 Opus in 2024). Programming sessions were conducted
throughout each semester, with participants engaging in
their assigned modality: Al-assisted pair programming
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(Group A), human-human pair programming (Group
B), or individual programming (Group C). Data collec-
tion occurred at three primary time points: Time 1 (T1)
at the beginning of the semester, Time 2 (T2) at mid-
semester, and Time 3 (T3) at the end of the semester.
Programming assignments were standardized across all
groups to ensure comparability. These assignments were
designed in collaboration with course instructors to align
with learning objectives and to present equivalent levels
of difficulty, following guidelines for task equivalence in
programming education research. The assignments were
piloted with a separate group of students prior to the
study to verify their appropriateness and equivalence.

To minimize the likelihood of participants using exter-
nal programming tools or unauthorized Al assistants,
we conducted all programming sessions in a controlled,
supervised environment. In-class activities took place
in computer labs where instructors monitored student
screens. Participants were informed of an honor code
stating that reliance on external coding resources beyond
those provided was not permitted. Additionally, online
activity logs were periodically reviewed to detect suspi-
cious patterns of code similarity or external consulta-
tions. While these measures reduced the risk of external
tool usage, we acknowledge that complete prevention is
not guaranteed. Students may have accessed unapproved

Table 2 Summary of survey administration
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resources outside of class hours, and this remains a limi-
tation that could influence the internal validity of our
findings.

Surveys (IMI, PAS, CLS, SPQ, TAM) were admin-
istered electronically at T1, T2, and T3 using secure,
IRB-approved platforms. The detailed survey administra-
tion for different groups in different times is presented
in Table 2 below. Programming performance metrics,
including assignment grades, code quality assessments,
and error rates, were collected after each assignment.
For Group A, Al usage logs were recorded, capturing the
frequency, duration, and nature of students’ interactions
with the Al assistants (Table 3).

Since Al-assisted pair programming tools may pro-
duce code snippets with unclear licensing origins, we
took precautions to ensure that no licensing or copyright
violations occurred. All code generated by the Al assis-
tants was reviewed by the course instructors and teach-
ing assistants, who were knowledgeable about common
licensing frameworks and open-source code patterns.
Any suspiciously specific or known copyrighted code
was flagged and removed from the assignment before
students were graded. We did not observe any instances
of direct code plagiarism or recognized license infringe-
ments. Nevertheless, this aspect presents an ongoing
challenge in using Al-generated code within educational

Survey instrument

Group A (Al-assisted)

Group B (human-human) Group C (individual)

Intrinsic motivation (IMI) T1,72,T3 T1,72,T3 T1,72,T3
Programming anxiety (PAS) T1,T2,T3 T1,T2,T3 T1,T2,T3
Collaborative learning (CLS) T1,72,T3 T1,72,T3 T1,72,T3

Social presence (SPQ) T1,7T2,T3 T1,7T2,T3 T1,T2, T3
Technology acceptance (TAM) T1,72,T3 - -

Table 3 Participant demographics and baseline measures by group

Characteristic Al-assisted (GPT-3.5) Al-assisted (Claude 3) Human-human pair Individual
N 38 39 80 77

Age (years) 20.342 (1.876) 20.564 (2.103) 20.175(1.942) 20416 (2.058)
Gender (% female) 36.8% 33.3% 35.0% 37.7%

Prior Java programming experi-  2.237 (3.142) 1.985 (4.676) 2.313(2.058) 2.182(1.201)
ence (months)

IMI score 5.127 (0.924) 5.243(0.837) 5.186 (1.291) 5.092 (0.863)
PAS score 2876 (0.731) 2.759 (0.795) 2.912(0.702) 2.834 (0.768)
CLS score 4.823(0.612) 4.956 (0.687) 4.791 (0.674) N/A

SPQ score 4532 (0.783) 4.615(0.742) 4.478 (0.806) N/A

TAM score 5.076 (0.715) 5.189 (0.768) N/A N/A

Values are presented as mean (SD) unless otherwise noted. IMI Intrinsic Motivation Inventory, PAS Computer Programming Anxiety Scale, CLS Collaborative Learning
Scale, SPQ Social Presence Questionnaire, TAM Technology Acceptance Model. All scales range from 1 to 7, with higher scores indicating higher levels of the measured

construct, except for PAS where lower scores indicate lower anxiety
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contexts, as the transparency of LLM-generated outputs
remains limited.

Data analysis

The data analysis was commenced with preliminary
procedures to ensure data quality and reliability. This
included screening for missing data and outliers using
Little’s MCAR test and Mahalanobis distance, respec-
tively. Assumptions of normality, linearity, and homosce-
dasticity were assessed. Internal consistency of all survey
instruments were evaluated using Cronbach’s alpha, with
values above 0.70 considered acceptable (Nunnally &
Bernstein, 1994).

To address RQ1 and RQ4, we employed a mixed
between-within subjects ANOVA (Guo et al, 2013).
Time (T1, T2, T3) served as the within-subjects factor,
while Group (Al-Assisted with GPT-3.5, Al-Assisted
with Claude 3, Human-Human, Individual) was the
between-subjects factor. Post hoc tests using Bonferroni
correction were conducted for significant effects. Effect
sizes were reported using partial eta-squared (n?) for
ANOVA results and Cohen’s d for pairwise comparisons.
For RQ2 and RQ3, a MANOVA was performed with CLS
and SPQ scores as dependent variables and Group as the
independent variable. This was followed by discriminant
function analysis to identify key differentiating variables
(Huberty & Olejnik, 2006). We conducted a mediation
analysis to determine whether the perceived usefulness
of Al mediated the relationship between the program-
ming approach (Al-assisted vs. others) and collaborative
outcomes (CLS, SPQ) as well as programming perfor-
mance. Mediation was examined using structural equa-
tion modeling (SEM). We employed maximum likelihood
estimation with robust standard errors (MLR) to account
for potential non-normality in the data. Model fit was
assessed with the comparative fit index (CFI), Tucker—
Lewis index (TLI), root mean square error of approxi-
mation (RMSEA), and standardized root mean square
residual (SRMR). Following conventional guidelines (Hu
& Bentler, 1999), CFI and TLI values greater than 0.90
indicated acceptable fit, and above 0.95 indicate good fit,
while RMSEA values below 0.06 and SRMR values below
0.08 signified acceptable model fit. The decision to use
SEM-based mediation was guided by standard practice in
educational research, which encourages the examination
of indirect effects and underlying mechanisms (Hayes,
2017).

In addition to the primary analyses, we conducted
supplementary analyses using analysis of covariance
(ANCOVA) to control for potential confounding effects
of academic ability. Specifically, we included GPA as a
covariate in the ANCOVAs for our primary outcome
measures (intrinsic motivation, programming anxiety,
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and programming performance). By doing so, we aimed
to ensure that observed differences between groups were
not attributable solely to pre-existing differences in gen-
eral academic ability. ANCOVA assumptions of homo-
geneity of regression slopes were tested and met before
proceeding with the adjusted analyses. All analyses were
conducted using R and lavaan package for SEM (Rosseel,
2012), with a significance level set at a=0.05. To address
potential issues of multiple comparisons, we employed
the false discovery rate correction method (Benjamini &
Hochberg, 1995).

Results

Descriptive statistics

The study sample consisted of 234 undergraduate stu-
dents (Mage=20.374 years, SD=1.995) enrolled in Java
web application development course. The gender dis-
tribution varied slightly across groups, with females
representing between 33.3% and 37.7% of each group.
Participants reported an average of 5.279 months
(SD=3.169) of prior Java programming experience,
with no significant differences between groups, F(3,
230)=0.072, p=0.975. Baseline measures revealed com-
parable levels of intrinsic motivation (IMI), programming
anxiety (PAS), perceived collaboration (CLS), social pres-
ence (SPQ), and technology acceptance (TAM) across all
groups. One-way ANOVAs indicated no significant dif-
ferences between groups on these measures at the outset
of the study (all p>0.05).

RQ1: Impact on intrinsic motivation, programming anxiety,
and programming performance

Changes in motivation, programming anxiety, and pro-
gramming performance over time are presented in Fig. 1
and Table 4. The average Al-assisted group (combining
GPT-3.5 and Claude 3) showed higher intrinsic moti-
vation (M=5.532, SD=0.819) at T3 compared to the
Human-Human Pair group (M =5.423, SD=0.852) and
the Individual group (M=5.237, SD=1.147). The aver-
age Al-assisted group demonstrated lower anxiety lev-
els (M=2.355, SD=0.692) at T3 compared to both the
Human-Human Pair group (M =2.643, SD=0.775) and
the Individual group (M =2.756, SD=0.741). In addition,
the average Al-assisted group showed superior perfor-
mance (M=83.901, SD=10.611) at T3 compared to the
Human-Human Pair group (M=80.123, SD=11.654)
and the Individual group (M =75.789, SD=11.234).

A 4 (Group)x3 (Time) repeated measures ANOVA
was conducted to examine the effects of different pro-
gramming approaches on students’ intrinsic moti-
vation, programming anxiety, and programming
performance over time (Table 5). For intrinsic motiva-
tion, results revealed significant main effects of Time,
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Table 4 Mean scores and standard deviations for intrinsic motivation (IMI), programming anxiety (PAS), and programming

performance by group and time

Group Measure T T2 T3

Al-assisted (GPT-3.5) IMI 5.127(0.924) 5.312(0.876) 5486 (0.843)
PAS 2.876(0.731) 2.634 (0.698) 2412 (0.672)
Performance 72.345(11.243) 78.567 (10.876) 83.234(10.432)

Al-assisted (Claude 3) IMI 5.243 (0.837) 5.389(0.812) 5.578(0.795)
PAS 2.759 (0.795) 2.531(0.743) 2.298(0.711)
Performance 73.124 (11.567) 79.345 (11.123) 84.567 (10.789)

Human-human pair IMI 5.186(1.291) 5.298 (0.867) 5423 (0.852)
PAS 2912 (0.702) 2.785 (0.689) 2.643(0.775)
Performance 71.789 (11.345) 76.234 (10.987) 80.123 (11.654)

Individual IMI 5.092 (0.863) 5.176 (0.859) 5.237(1.147)
PAS 2.834(0.768) 2.798 (0.754) 2.756 (0.741)
Performance 70.567 (11.789) 73456 (11.543) 75.789 (11.234)

Values are presented as mean (SD). IMI Intrinsic Motivation Inventory, PAS Programming Anxiety Scale. IMI scores range from 1 to 7, with higher scores indicating

higher motivation. PAS scores range from 1 to 7, with lower scores indicating lower anxiety. Performance scores range from 0 to 100

F(2, 460)=47.623, p<0.001, r]2p=0.171, and Group,
F(3, 230)=3.842, p=0.010, q2p=0.048, as well as a sig-
nificant TimeX Group interaction, F(6, 460)=2.976,
p=0.007, n°p=0.037. Post hoc analyses using Bonfer-
roni correction indicated that both Al-assisted groups
showed significantly higher increases in intrinsic motiva-
tion compared to the Individual group (pgpr.35=0.008,
Pclaude3 = 0003)

For programming anxiety, significant main effects were
found for Time, F(2, 460)=53.189, p <0.001, r]2p=0.188,
and Group, F(3, 230)=4.216, p=0.006, 1n’p=0.052,
along with a significant Time X Group interaction, F(6,
460)=3.354, p=0.003, n’p=0.042. Post hoc compari-
sons revealed that both Al-assisted groups experienced

significantly greater reductions in anxiety compared to
the Individual group (pgpr.35=0.005, Pciaudes=0.002).
Programming performance analysis showed signifi-
cant main effects of Time, F(2, 460)=289.765, p<0.001,
n’p=0.281, and Group, F(3, 230)=6.543, p<0.001,
n’p=0.079, as well as a significant Time x Group inter-
action, F(6, 460)=4.321, p<0.001, n*»=0.053. Post hoc
tests indicated that both Al-assisted groups and the
Human-Human Pair group significantly outperformed
the Individual group at T3 (all ps<0.01), with the AI-
assisted groups showing slightly higher performance than
the Human—Human Pair group, although this difference
was not statistically significant.
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Table 5 Repeated measures ANOVA results for intrinsic
motivation (IMI), programming anxiety (PAS), and programming
performance

Source df F p n’p

Intrinsic motivation (IMI)

Time 2,460 47.623 <.001 A71

Group 3,230 3.842 010 048

Time x Group 6,460 2.976 007 037
Programming anxiety (PAS)

Time 2,460 53.189 <.001 188

Group 3,230 4.216 006 052

Time x Group 6, 460 3.354 003 042
Programming performance

Time 2,460 89.765 <.001 281

Group 3,230 6.543 <.001 079

Time X Group 6, 460 4321 <.001 053

Df degrees of freedom; np partial eta-squared

The effect sizes (1%p) suggest moderate to large effects
for Time and small to moderate effects for Group and
the TimeXx Group interaction across all measures.
These results indicate that Al-assisted pair program-
ming approaches were associated with greater improve-
ments in intrinsic motivation, larger reductions in
programming anxiety, and enhanced programming per-
formance compared to individual programming, with
effects comparable to or slightly exceeding those of tra-
ditional human—human pair programming. In addition
to the omnibus ANOVA results presented in Table 5,
we conducted Bonferroni-corrected post hoc com-
parisons to further understand which groups differed
significantly on intrinsic motivation, programming
anxiety, and programming performance at T3. These
post hoc results are summarized in Supplementary
Table S1. Al-assisted groups significantly differed from
the Individual programming group on both intrinsic
motivation and programming performance, while the
difference between Al-assisted and human-human
pairs was not statistically significant for performance.

Table 6 Correlations between affective measures and
programming performance at T3

Measure 1 2 3

1. IMI -
2. PAS — 412%% -
3. Performance 523%* — 487%* -

**p <.01. IMI Intrinsic Motivation Inventory, with higher scores indicating
greater intrinsic motivation, PAS Programming Anxiety Scale, with lower scores
indicating lower anxiety levels. For correlations at T1 and T2, see Supplementary
Table S2
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Correlation analysis at T3 in Table 6 revealed sig-
nificant relationships between affective measures and
programming performance. Intrinsic motivation was
positively correlated with performance (r=0.523,
p<0.01), while programming anxiety was negatively
correlated with performance (r=-0.487, p<0.01). These
correlations suggest that higher intrinsic motivation
and lower programming anxiety are associated with
better programming performance.

RQ2: Influence on perceptions of collaboration and social
interaction

A one-way multivariate analysis of variance (MANOVA)
was conducted to examine the effect of programming
approach (Al-Assisted GPT-3.5, Al-Assisted Claude
3, Human-Human Pair, and Individual) on students’
perceptions of collaboration and social interaction, as
measured by the Collaborative Learning Scale (CLS) and
Social Presence Questionnaire (SPQ) at the end of the
study period (T3), the result is presented in Table 7.

The MANOVA revealed a significant multivari-
ate effect of programming approach on the combined
dependent variables, Wilks’ A=0.742, F(6, 458)=12.376,
p<0.001, n’»p=0.139. This indicates that the program-
ming approach had a significant impact on students’
perceptions of collaboration and social interaction. Fol-
low-up univariate ANOVAs showed significant effects of
programming approach on both CLS (F(3, 230) =23.487,
p<0.001, n’p=0.234) and SPQ (F(3, 230)=18.923,
p<0.001, n’p=0.198). The effect sizes suggest that the
programming approach had a large effect on perceptions
of collaboration and a medium-to-large effect on percep-
tions of social presence.

Post hoc comparisons using the Tukey HSD test
revealed that for CLS, the Human—Human Pair group
scored significantly higher than both AI-Assisted groups
(pGPT-3.5=0.031, pClaude 3=0.047), which in turn
scored significantly higher than the Individual group
(all ps<0.001). For SPQ, the Human—Human Pair group
scored significantly higher than all other groups (all
ps<0.01), while both AI-Assisted groups scored signifi-
cantly higher than the Individual group (all ps<0.001).

Table 7 MANOVA and univariate ANOVA results for CLS and SPQ

Test Statistic  F df p n’p
MANOVA

Wilks'A 0.742 12.376 6,458 <.001 139
Univariate ANOVAs

CLS - 23487 3,230 <.001 234
SPQ - 18.923 3,230 <.001 .198

df degrees of freedom; np partial eta-squared, CLS Collaborative Learning Scale,
SPQ Social Presence Questionnaire
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Table 8 Standardized discriminant function coefficients and
structure matrix
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Table 10 Comparison of GPT-3.5 Turbo and Claude 3 Opus on
key measures

Variable Function 1 coefficient Structure Measure GPT-3.5 Claude 3 t P Cohen’sd
matrix Turbo Opus

CLS 723 876 IMI 5486 (0.843) 5578(0.795) —0987 326 0.112

SPQ 412 792 PAS 2412(0.672) 2298(0.711) 1456 149 0.166

Function 1 explained 92.3% of the variance, canonical R?=.387. CLS CLS 5231(0682) 5342(0701) —1234 220 0.60

Collaborative Learning Scale, SPQ Social Presence Questionnaire SPQ 4876 (0.793) 4923(0.812) —0.543 589 0.059
Performance 83.234 84.567 —1.087 .280 0.125

(10432) (10.789)

A discriminant function analysis was conducted to iden-
tify which variables differentiated between the groups.
One discriminant function was statistically significant,
A=0.742, x*(6)=68.234, p<0.001, and accounted for
92.3% of the variance in programming approach. The
standardized discriminant function coefficients and
structure matrix (Table 8) indicate that CLS contributed
more to group separation than SPQ, although both vari-
ables were important discriminators. The result suggests
that while human—human pair programming fostered the
highest levels of perceived collaboration and social pres-
ence, Al-assisted pair programming also significantly
enhanced these perceptions compared to individual
programming.

RQ3: Replication or compensation of social and collaborative
benefits and programming performance outcomes

The comparison of Al-assisted and human—human pair
programming (Table 9) revealed small but significant
differences in collaborative learning (CLS), social pres-
ence (SPQ), and programming performance. Human—
human pairing showed slightly higher CLS (t=-2.143,
p=0.034, d=0.298) and SPQ scores (t=-2.876, p=0.005,
d=0.425), indicating stronger perceptions of collabo-
ration and social interaction. However, Al-assisted
programming led to marginally better performance out-
comes (t=2.456, p=0.015, d =0.355). The result suggests
that while Al-assisted pair programming may not fully
replicate the collaborative and social benefits of human—
human pairing, it compensates through enhanced perfor-
mance outcomes.

Values for GPT-3.5 Turbo and Claude 3 Opus are presented as mean (SD). IMI
Intrinsic Motivation Inventory; PAS Computer Programming Anxiety Scale; CLS
Collaborative Learning Scale; SPQ Social Presence Questionnaire

RQ4: Differences between GPT-3.5 Turbo and Claude 3 Opus
The comparison between GPT-3.5 Turbo and Claude 3
Opus (Table 10) revealed no statistically significant dif-
ferences across the measured variables. The largest differ-
ence was observed in programming anxiety (PAS), with
Claude 3 Opus users reporting slightly lower anxiety, but
this difference was not significant (t=1.456, p=0.149,
d=0.166). The small effect sizes (Cohen’s d<0.2 for all
comparisons) suggest that the two AI models had similar
impacts on students’ affective states, collaborative per-
ceptions, and programming performance. These results
indicate that the benefits of Al-assisted programming are
consistent across different advanced language models,
with both GPT-3.5 Turbo and Claude 3 Opus providing
comparable support to students in pair programming
contexts.

RQ5: The role of perceived usefulness of Al

Mediation analysis (Table 11) indicated that perceived
usefulness of Al significantly mediated the relationship
between Al-assisted programming and collaborative out-
comes (CLS and SPQ) as well as performance. The indi-
rect effects were significant for all three outcomes (CLS:
0.283 [0.159, 0.429], SPQ: 0.258 [0.131, 0.408], perfor-
mance: 1.976 [0.876, 3.245]), suggesting that the positive
impact of Al-assisted programming on collaboration and
performance is partially explained by students’ percep-
tions of Al usefulness. The direct effect of Al-assisted

Table 9 Mean differences in CLS, SPQ, and programming performance between Al-assisted and human-human pair groups

Measure Al-assisted (combined) Human-human pair Mean difference t p Cohen’sd
CLS 5.287 (0.693) 5487 (0.654) -0.200 —2.143 034 0.298
SPQ 4900 (0.803) 5.234(0.765) -0.334 — 2876 005 0425
Performance 83.901 (10611) 80.123 (11.654) 3.778 2456 015 0.355

Note. Values for Al-assisted (combined) and human-human pair are presented as mean (SD). CLS = Collaborative Learning Scale, SPQ = Social Presence Questionnaire



Fan et al. International Journal of STEM Education (2025) 12:16

Page 12 of 17

Table 11 Mediation analysis: effect of Al-assisted programming on collaborative outcomes and performance through perceived

usefulness

Path b SE t p 95% Cl
Al-assisted — perceived usefulness (a) 0.687 0.124 5.540 <.001 [0.443,0.931]
Perceived usefulness— CLS (b1) 0412 0.078 5282 <.001 [0.258, 0.566]
Perceived usefulness— SPQ (b2) 0.376 0.089 4.225 <.001 [0.201,0.551]
Perceived Usefulness — performance (b3) 2876 0.745 3.859 <.001 [1.412,4.340]
Al-assisted — CLS (c'1) —0.089 0.092 -0.967 335 [-0.270,0.092]
Al-assisted — SPQ (c'2) -0.178 0.106 -1.679 095 [-0.387,0.031]
Al-assisted — performance (c'3) 1.845 0.876 2.106 037 [0.123, 3.567]

Cl confidence interval. Indirect effects (ab) for CLS: 0.283 [0.159, 0.429], SPQ: 0.258 [0.131, 0.408], performance: 1.976 [0.876, 3.245]. CLS Collaborative Learning Scale,

SPQ Social Presence Questionnaire

programming on performance remained significant
(b=1.845, p=0.037), indicating partial mediation.

The structural equation model (Supplementary
Table S3) demonstrated good fit, supporting the pro-
posed relationships among Al-assisted programming,
perceived usefulness, collaborative outcomes, and
performance. Although the Chi-square test was sig-
nificant (x*(5)=12.345, p=0.030), which is common in
large samples, other fit indices indicated good model fit
(CFI=0.982, TLI=0.964, RMSEA =0.048 [0.015, 0.079],
SRMR=0.028). The model explained 42.3% of the vari-
ance in CLS, 38.7% in SPQ, and 45.6% in programming
performance, suggesting that Al-assisted programming
and perceived usefulness are important factors in pre-
dicting collaborative and performance outcomes.

Additional analyses controlling for GPA

To further ensure that differences in intrinsic motivation,
programming anxiety, and programming performance
were not attributable to pre-existing variations in gen-
eral academic ability, we conducted ANCOVAs using
GPA as a covariate. GPA was included in each model
examining the primary outcome measures at the end of
the semester (T3). The results are presented in Supple-
mentary Table S4. After controlling for GPA, the group
effect on intrinsic motivation remained significant, F(3,
229)=3.56, p=0.015, n?p=0.045. The Al-assisted groups
continued to show higher adjusted mean IMI scores
compared to the Individual group, with no substantial
reduction in effect size relative to the original ANOVA.
Similarly, for programming anxiety, the inclusion of GPA
as a covariate did not diminish the group differences
observed initially. The adjusted analysis revealed a signifi-
cant group effect, F(3, 229)=3.99, p=0.008, n’»=0.050,
indicating that Al-assisted groups still exhibited sig-
nificantly lower anxiety levels than the Individual group.
Finally, the advantage of Al-assisted pair programming
on performance also persisted after adjusting for GPA,

F(3, 229)=6.22, p<0.001, q2p=0.077. Both Al-assisted
groups continued to outperform the Individual program-
ming group, and while the Human—Human Pair condi-
tion provided high-quality outcomes, the Al-assisted
conditions remained marginally superior, consistent
with the initial findings. The results confirm that the
observed benefits of Al-assisted pair programming on
student motivation, anxiety reduction, and performance
enhancement are not simply byproducts of differences
in academic ability. Instead, these results highlight the
robustness of our main conclusions, demonstrating that
even when controlling for GPA, Al-assisted pair pro-
gramming exerts a positive influence on key educational
outcomes.

Discussion

Discussion of findings

RQ1: Impact on intrinsic motivation, programming anxiety,
and programming performance

Our findings reveal significant positive impacts of Al-
assisted programming on students’ intrinsic motivation,
programming anxiety, and performance. The increased
intrinsic motivation aligns with recent research on AI-
enhanced learning environments (Abdelghani et al,
2022), suggesting that AI partners can provide motiva-
tional support similar to human instructors or peers.
This is particularly relevant in the context of program-
ming education, where motivation has been a persis-
tent challenge (Chittum et al., 2017). The reduction in
programming anxiety observed in Al-assisted groups
is noteworthy. This effect may be attributed to the non-
judgmental nature of AI assistance, allowing students
to experiment and make mistakes without fear of social
evaluation. Recent studies have highlighted the potential
of Al in reducing anxiety in educational settings (Lin &
Hou, 2024), and our findings extend this to the domain
of programming education. In terms of programming
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performance, Al-assisted groups demonstrated slightly
superior outcomes compared to both human-human
pairs and individual programmers. This finding is con-
sistent with recent research on the benefits of Al-assisted
coding (Barke et al., 2023; Peng et al.,, 2023). The per-
formance enhancement could be due to the immediate,
consistent feedback provided by Al, as well as its vast
knowledge base, which aligns with the concept of "aug-
mented intelligence" in education (Persico & Pozzi, 2015).

RQ2: Influence on perceptions of collaboration and social
interaction

Students’ perceptions of collaboration and social interac-
tion with AI partners were positive, albeit not as strong
as those in human—human pairs. This finding contributes
to the ongoing discourse on social presence in technol-
ogy-mediated learning (Bull & Kharrufa, 2024). While
Al partners were perceived as collaborative entities, the
lower social presence scores compared to human part-
ners suggest that current Al technologies may not fully
replicate the social-emotional aspects of human collabo-
ration. The comparison with human partners revealed
that while Al-assisted programming enhanced collabo-
rative perceptions relative to individual programming,
it did not match the level of perceived collaboration in
human-human pairs. This aligns with recent research on
the limitations of Al in replicating human social inter-
actions (Ji et al., 2023). However, the positive impact on
performance despite lower social presence scores sug-
gests that Al assistance may compensate for reduced
social interaction through other means, such as consist-
ent availability and rapid response times.

RQ3: Replicating or compensating for social

and collaborative benefits and performance outcomes

Our findings indicate that while Al-assisted program-
ming may not fully replicate the social and collabora-
tive benefits of human—human pairing, it compensates
through enhanced performance outcomes and perceived
usefulness. This compensatory effect aligns with recent
research on the effectiveness of Al tools in educational
settings (Xu et al.,, 2023). The mediation analysis revealed
that perceived usefulness of Al significantly influenced
both collaborative outcomes and programming perfor-
mance. This finding extends recent research on technol-
ogy acceptance in Al-assisted learning (Megahed et al.,
2024), highlighting the importance of students’ percep-
tions in determining the effectiveness of Al-assisted
learning. The strong mediating role of perceived useful-
ness suggests that fostering positive attitudes towards Al
tools may be crucial for maximizing their educational
benefits.
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RQ4: Differences between Al models

Contrary to our expectations, we found no significant
differences in affective, collaborative, or performance
outcomes between GPT-3.5 Turbo and Claude 3 Opus.
This lack of differentiation may indicate that both mod-
els have reached a threshold of capability beyond which
incremental improvements do not significantly impact
educational outcomes. Alternatively, it could suggest that
the current implementation and integration of these Al
models in educational settings may be more influential
than the specific capabilities of each model. These find-
ings contribute to the ongoing discussion about the pace
and impact of Al advancements in education (Jiao et al,,
2023). While rapid progress in Al technology is evident,
our results suggest that the educational benefits may pla-
teau once a certain level of capability is reached. This has
important implications for educational institutions and
policymakers considering investments in Al technologies
for programming education.

In addition to these immediate outcomes, it is cru-
cial to consider the long-term implications of integrat-
ing Al-assisted pair programming into education. While
the current study highlights the potential of Al tools to
enhance motivation, reduce anxiety, and improve per-
formance, over-reliance on such technologies may inad-
vertently hinder the development of deeper cognitive and
problem-solving abilities. Research in related domains
has warned of the risks associated with depending too
heavily on Al-generated content. For instance, Abd-
Alrazaq et al. (2023) caution that generative Al tools,
prone to producing convincing yet fabricated informa-
tion, could lead learners to overly trust these systems at
the expense of honing critical thinking and communica-
tion skills. Similarly, Duhaylungsod and Chavez (2023)
and Koos and Wachsmann (2023) argue that an excessive
reliance on Al for information and content generation
can undermine creativity, innovation, and the analytical
faculties necessary for constructing logical arguments
and integrating diverse sources of knowledge. Santiago
et al. (2023) further emphasize that while Al writing aids
can improve technical accuracy, they also risk diminish-
ing students’ motivation to rigorously research, carefully
evaluate sources, and cultivate independent thought.
These concerns underscore the importance of integrating
Al tools in ways that complement, rather than replace,
essential human cognitive processes. Future research
should thus explore instructional strategies and pedagog-
ical frameworks that leverage Al's benefits without sacri-
ficing the deeper cognitive engagement and skill mastery
that define expert problem-solving in computer science
education.

Besides the concern about over-reliance on AI and
diminished problem-solving capacity, it is also important
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to consider how reliance on these tools might affect
the sustained cognitive effort essential for deep learn-
ing and long-term skill acquisition. While Al-assisted
pair programming can produce immediate gains in task
completion speed and initial performance, research on
technology use and mental effort (Aru & Rozgonjuk,
2022) suggests that easy access to quick solutions may
reduce learners’ willingness and ability to engage in pro-
longed, effortful practice. Aru and Rozgonjuk (2022)
argue that habitually relying on technologies that pro-
vide immediate rewards and novelty can undermine the
motivation to invest in challenging tasks that require sus-
tained cognitive engagement. Applied to programming
education, this implies that students who consistently
turn to Al tools for instant answers may be less inclined
to grapple with complex coding problems independently,
potentially stunting the development of core competen-
cies and limiting their capacity to adapt when AI assis-
tance is not readily available. Thus, while Al tools offer
short-term productivity benefits, educators and research-
ers must also anticipate and address the possibility that
such convenience might compromise the cultivation of
foundational programming competence and the intellec-
tual resilience crucial for long-term success in computer
science.

Theoretical implications

The findings of this study have significant implications
for theoretical frameworks in educational technology
and psychology, particularly Self-Determination The-
ory (SDT), Social Presence Theory, and the Technology
Acceptance Model (TAM). According to SDT (Ryan &
Deci, 2020), individuals have basic psychological needs
for autonomy, competence, and relatedness that, when
satisfied, enhance intrinsic motivation and engage-
ment. Our results suggest that Al-assisted program-
ming environments can effectively support these needs.
The increased intrinsic motivation in Al-assisted groups
indicates that working with Al partners may enhance
students’ sense of autonomy and competence. The Al
assistant provides immediate feedback and personalized
support, allowing students to explore and solve problems
independently, thus fulfilling the need for autonomy. The
reduction in programming anxiety and improvement in
performance reflect an enhanced sense of competence,
as students gain confidence in their abilities through
successful interactions with the Al assistant. Although
the Al-assisted groups reported lower social presence
scores compared to human-human pairs, the signifi-
cant improvements in collaborative perceptions imply
that Al partners can partially fulfill the need for relat-
edness (Cheng et al., 2022). This challenges traditional
views within SDT that emphasize human interaction for
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relatedness satisfaction, suggesting that Al entities can
contribute meaningfully to this psychological need.

From the perspective of Social Presence Theory (Gar-
rison, 2016), our findings expand the understanding
of social interaction in technology-mediated learning.
While AI partners did not fully replicate the social pres-
ence of human collaborators, they provided a sufficient
degree of perceived social interaction to support collab-
orative learning and enhance performance. The positive
correlation between social presence and programming
performance implies that even Al-generated social pres-
ence can facilitate learning outcomes, highlighting the
evolving nature of social dynamics in educational settings
involving AL

From the perspective of TAM, our mediation analy-
sis revealed that perceived usefulness of the Al assistant
significantly mediated the relationship between the pro-
gramming approach (Al-assisted vs. traditional meth-
ods) and student outcomes. This finding underscores the
critical role of students’ perceptions in embracing Al-
assisted tools. The strong mediating effect of PU suggests
that when students perceive the Al assistant as useful in
enhancing their programming performance, it positively
influences their intrinsic motivation and reduces pro-
gramming anxiety. This aligns with TAM’s assertion that
perceived usefulness is a primary determinant of tech-
nology acceptance and subsequent usage behaviors (Ven-
katesh & Bala, 2008).

Practical implications

The results of this study offer several practical implica-
tions for educational practice, policy, and implemen-
tation. In terms of educational practice, our findings
support the integration of Al assistants in programming
education as a means to enhance student motivation,
reduce anxiety, and improve performance. Educators
should consider implementing Al-assisted pair program-
ming as a complement to traditional teaching methods,
particularly for students who may struggle with anxiety
or motivation in traditional programming courses (Xu
et al., 2023). However, care should be taken to balance
Al assistance with human interaction to ensure that stu-
dents develop robust collaborative skills.

For policy and implementation at the institutional
level, our results suggest that adopting Al technologies
in programming education can yield significant benefits.
Institutions should consider developing comprehensive
strategies for integrating Al assistants into their com-
puter science curricula, including providing training for
instructors and support staff (Bull & Kharrufa, 2024).
Policies should also address ethical considerations, such
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as ensuring equitable access to Al tools and maintaining
academic integrity in Al-assisted learning environments.

Best practices emerging from our study include gradu-
ally introducing Al assistants to allow for adaptation,
explicitly discussing the role and limitations of Al in pro-
gramming education, and using Al tools to complement
rather than replace human instruction. Educators should
focus on fostering positive perceptions of Al assistants,
as our results indicate that these perceptions significantly
influence learning outcomes. Additionally, regular assess-
ment of students’ experiences with Al tools can help in
fine-tuning their implementation and addressing any
emergent issues.

Implementation challenges and potential barriers

While our findings highlight the significant benefits of
integrating Al-assisted pair programming into educa-
tional settings, we acknowledge that there are potential
barriers to its widespread adoption. One major challenge
is the resource requirement for incorporating advanced
AlI tools, which may include financial costs for software
licenses or subscriptions, as well as the need for robust
technological infrastructure (Bull & Kharrufa, 2024).
Educational institutions, particularly those with limited
budgets, may find it difficult to allocate funds for these
technologies. Another barrier is the potential resistance
from educators and students who are unfamiliar with
Al tools or skeptical about their effectiveness (Lau &
Guo, 2023). Instructors may lack the necessary training
to integrate Al assistants effectively into their teaching
practices, leading to suboptimal utilization of these tools.
Additionally, concerns about data privacy and security
can hinder adoption, as Al tools often require access
to user data to function optimally (Cotton et al., 2024).
There is also the risk of students becoming overly reliant
on Al assistance, which may impede the development of
fundamental programming skills and critical thinking
(Prather et al., 2023). To mitigate these challenges, insti-
tutions should consider providing professional develop-
ment for educators, establishing clear guidelines for Al
use, and ensuring that Al tools are integrated in a way
that complements rather than replaces traditional teach-
ing methods.

Limitations

While this study provides valuable insights into the
impact of Al-assisted pair programming on student
outcomes, several limitations should be acknowledged.
Firstly, the quasi-experimental nature of the study design
introduces potential confounding variables. Despite our
efforts to control for factors such as prior Java program-
ming experience, unaccounted variables may have influ-
enced the results. Future research could benefit from
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randomized controlled trials to establish more robust
causal relationships. The generalizability of our findings
may be limited by the specific context of the study. Our
sample consisted of undergraduate students in a par-
ticular educational institution, and the results may not
be directly applicable to other educational levels or cul-
tural contexts. Further research is needed to examine the
effectiveness of Al-assisted programming across diverse
student populations and educational settings (Lau &
Guo, 2023). Data collection constraints pose another
limitation. While we used validated instruments to meas-
ure constructs such as motivation and anxiety, self-report
measures are subject to potential biases. Additionally,
the measurement of programming performance, while
comprehensive, may not capture all aspects of program-
ming skill development. Future studies could incorporate
more diverse assessment methods, including qualitative
analyses of student code and long-term retention meas-
ures. Lastly, the rapid evolution of Al technology means
that the specific AI models used in this study (GPT-3.5
Turbo and Claude 3 Opus) were superseded by more
advanced systems (GPT-4.0 and GPT-O1). While our
results showed no significant differences between these
models, future research should continue to evaluate the
impact of new Al technologies as they emerge in educa-
tional contexts.

Conclusion

This study provides robust evidence for the effectiveness
of Al-assisted pair programming in enhancing students’
intrinsic motivation, reducing programming anxiety, and
improving programming performance. By comparing
Al-assisted pair programming using GPT-3.5 Turbo and
Claude 3 Opus with traditional human—human pair pro-
gramming and individual programming approaches, we
have demonstrated Al’s potential as a valuable collabora-
tor in educational settings.

Our findings indicate that students engaged in Al-
assisted pair Java programming experienced a significant
increase in intrinsic motivation compared to those in
individual programming conditions and achieved perfor-
mance levels comparable to those in human—human pair
programming. This suggests that Al assistants can effec-
tively foster a motivating learning environment through
immediate, personalized feedback and support. Addi-
tionally, programming anxiety decreased more substan-
tially in Al-assisted groups than in both human—human
pairs and individual programming, likely due to the non-
judgmental and patient nature of Al assistance.

While human-human pair programming yielded
the highest levels of perceived collaboration and social
presence, Al-assisted pair programming significantly
enhanced these perceptions compared to individual
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programming. This indicates that Al assistants can par-
tially replicate the collaborative benefits of human inter-
action, offering a sense of partnership that positively
contributes to the learning experience. The absence of
significant differences between the two Al models used
suggests that the benefits of Al-assisted programming are
consistent across different advanced language models.

The study’s results challenge traditional assumptions
about the necessity of human-to-human interaction in
collaborative learning environments, highlighting AI’s
potential to serve as an active participant in the learning
process. Integrating Al-assisted pair programming into
computer science education holds significant promise for
improving student outcomes and addressing persistent
challenges such as low motivation and high anxiety.

As Al technology continues to advance, educational
institutions should consider thoughtful implementation
strategies that leverage these tools to complement tra-
ditional teaching methods. Future research will explore
the dynamics of students’ perceptions of Al-assisted
programming, aiming to further understand how these
perceptions influence educational outcomes and to opti-
mize the integration of Al tools in diverse educational
contexts.
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