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Abstract—Generative Artificial Intelligence (GenAl) is rapidly
reshaping teaching and learning in higher education, particularly
in programming and computer science education, where tools
such as ChatGPT and GitHub Copilot are increasingly used for
code generation, debugging, conceptual explanation, and person-
alised learning support. Despite this growing use, the literature re-
mains fragmented, with limited synthesis across educational out-
comes, adoption contexts, user perceptions, and factors influenc-
ing sustained use. To address this gap, this study conducts a sys-
tematic literature review following PRISMA 2020 guidelines. The
review draws on a dataset of 60 empirical studies published be-
tween 2022 and 2025 and retrieved from major academic data-
bases. The selected studies were analysed using a mixed synthesis
approach that combines descriptive mapping with thematic anal-
ysis. The synthesis shows that GenAl can improve coding support,
debugging efficiency, conceptual understanding, and student en-
gagement, especially in programming-related learning contexts;
however, adoption remains uneven across regions, institutions,
and course settings, while concerns related to academic integrity,
over-reliance, reliability, and unequal access persist. By integrat-
ing findings across learning outcomes, adoption patterns, user per-
ceptions, and continuance-related factors, this review provides a
more structured understanding of GenAl use in higher education,
with particular emphasis on programming and computer science
education. The study highlights the need for Al literacy, ethical
governance, and inclusive institutional support to enable more re-
sponsible and sustainable GenAl integration.
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I.  INTRODUCTION

Generative Artificial Intelligence (GenAl) has emerged as a
transformative technology across multiple domains, including
education, healthcare, finance, and software development[1]. In
the context of higher education, particularly in programming and
computer science education, GenAl tools such as ChatGPT and
GitHub Copilot are increasingly used to support code genera-
tion, debugging, and real-time explanation of programming con-
cepts[2],[31,[4], [5],[6], [7]. More broadly, higher education
studies also report positive perceptions of usefulness, engage-
ment, and instructional support [1], [8], [9]. These tools provide
interactive and personalised learning experiences, which are es-
pecially beneficial for novice learners who often struggle with
syntax, algorithmic thinking, and debugging processes.

The rapid adoption of GenAl has raised concerns regarding
the reliability of Al-generated outputs, risks to academic integ-
rity, and students’ over-reliance on automated solutions [10].
Although several studies reportimprovements in coding accu-
racy, engagement, and motivation, issues such as incorrect code
generation, misuse in assessments, and unequalaccess across in-
stitutions remain critical [3]. These challenges highlight that the
integration of GenAl is not purely a technological issue but also
a pedagogical and ethical concern.

Despite the growing body of research on GenAl in educa-
tion, existing studies remain fragmented and predominantly fo-
cused on short-term learning outcomes. Limited attention has
been given to the sustained use of these technologies in higher
education, particularly in programming and computer science
education. However, the long-term educational value of GenAl
dependson whetherstudents and educators continue to usethese
tools effectively overtime. This concept, known as continuance
intention, is explained through established models such as the
Technology Acceptance Model (TAM), the Unified Theory of
Acceptance and Use of Technology (UTAUT), and the Expec-
tation—Confirmation Model (ECM), which link perceived use-
fulness, satisfaction, and behavioural intention to continued
technology use [11].

Unlike previous reviews, this study integrates continuance
intention theory with empirical evidence to providea more com-
prehensive understanding of sustained Gen Al use in higher ed-
ucation, particularly in programming and computer science ed-
ucation. By combining theoretical perspectives with observed
educational outcomes, this study aims to bridge the gap between
initial adoption and long-term utilisation of GenAl tools.

To address thelack of consolidated evidence, this study con-
ducts a systematic literature review following PRISMA 2020
guidelines. The review synthesises findings from 60 empirical
studies published between 2022 and 2025, focusing on learning
outcomes, adoption contexts, user perceptions, and pedagogical
challenges. Furthermore, the study developsa conceptual frame-
work linking adoption conditions, usage mechanisms, educa-
tional outcomes, and associated challenges. By providing a
structured and comprehensive synthesis, this research offers
practical insightsintotheresponsible and sustainableintegration
of GenAl in programming education.

While the review is anchored in programming and computer
science education, it also draws on broader higher education
studies that provide relevant empirical evidence on adoption,
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governance, user perceptions, and sustained use conditions sur-
rounding GenAl integration.

II. RESEARCH BACKGROUND

Higher education is increasingly being shaped by digital
technologies that support more interactive, flexible,and student-
centered forms of learning. Within this broader context, pro-
gramming and computer science education remain especially
important because they aim to develop not only coding profi-
ciencybutalso computational thinking, problem-solving, and al-
gorithmic reasoning required for real-world application[ 12]. In
response to evolving technological demands, teaching in these
fields has progressively shifted toward active and experiential
learning approaches that emphasise hands-on practice, timely
feedback, and applied problem-solving.

Against this background, Generative Artificial Intelligence
(GenAl) has emerged as a significant development in higher ed-
ucation, with particularly strongrelevance for programming and
computer science education. Tools such as ChatGPT and
GitHub Copilot support code generation, debugging, conceptual
explanation, and real-time assistance during learning tasks [4],
[13],[14]. These capabilities make learning more adaptive and
personalised, especially for novice programmers who often ben-
efit from continuous guidance, immediate feedback, and oppor-
tunities to explore alternative coding approaches. As a result,
GenAl is increasingly being viewed as a flexible instructional
support tool that can enhance coding efficiency, conceptual un-
derstanding, collaboration, and learmer engagement while com-
plementing more traditional teaching methods [1], [8].

However, the integrationof GenAl also introduces important
pedagogical, ethical,and institutional challenges. Concerns have
been raised about over-reliance on Al-generated solutions, inac-
curacies in generated outputs, and issues related to academic in-
tegrity and faimess [15], [16]. In addition, differences in infra-
structure, access, and institutional readiness contribute to une-
ven adoptionacross educational settings and regions [17]. These
issues show that GenAl is not only a technical development but
also one that must be understood through pedagogical, ethical,
and institutional perspectives.

Beyond initial adoption, the continued use of GenAl has be-
come an importantissue in higher education, particularly inpro-
gramming and computer science education [18]. Continuance
intention provides a useful lens for understanding whether stu-
dents and lecturers remain willing to use GenAl tools over time.
In this regard, the Expectation—Confirmation Model (ECM)
highlights the importance of satisfaction and perceived useful-
ness in shaping continued engagement [ 11]. Although this per-
spective is increasingly relevant, much of the existing literature
still focuses on short-term outcomes rather than the conditions
that support sustained and responsible use.

Despite the growing number of studies on GenAl in higher
education, particularly in programming and computer science
education, the literature remains fragmented and lacks a suffi-
cientlyintegrated perspective. Many studies focus on immediate
educational outcomes, while giving less attention to sustained
use, contextual variation, and the interaction of technological,
pedagogical,andethicalfactors. This study addresses these gaps
by providing a systematic synthesis of empirical evidence,
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integrating continuance-related perspectives, and developing a
more connected understanding of how GenAl is being adopted,
experienced, and sustained in educational contexts.

A. Challenges and Ethical Concerns of GenAl Integration

Even with its potential, the integration of GenAl introduces
several challenges. One major concern is over-reliance on Al-
generated solutions, which may limit the development of inde-
pendent problem-solving skills among students[12]. In addition,
inaccuracies in generated outputs can mislead learners, particu-
larly those with limited programming experience.

Academic integrity is another critical issue, as Al-generated
code can be difficult to distinguish from students’ original work,
raisingconcerns about assessment validity and fairness. Further-
more, disparities in infrastructure, access to advanced tools, and
institutional readiness contribute to uneven adoption across re-
gions and educational contexts[13].

These challenges highlight that the integration of GenAl is
not purely a technical issue but also involves ethical, pedagogi-
cal, and institutional dimensions that must be addressed to en-
sure responsible use.

B. Continuance Intention and Sustained Educational Use of
GenAl

Beyond initial adoption by [ 14], sustained use of GenAlre-
mains a critical issue in higher education, particularly in pro-
gramming and computer science education. Continuance inten-
tion explains users’ willingness to continue using a technology
after initial adoption and is commonly modelled using the Ex-
pectation—Confirmation Model (ECM) [16]. According to
ECM, continueduseis influenced by satisfaction, perceived use-
fulness, and confirmation of expectations.

While models such as the Technology Acceptance Model
(TAM) and the Unified Theory of Acceptance and Use of Tech-
nology (UTAUT) explain initial adoption behaviour [19] ECM
provides a stronger theoretical basis for understanding post-
adoption continuance. In the context of GenAl, continuance in-
tention reflects the extent to which students and lecturers are
willingto repeatedly usetoolssuch as ChatGPT and GitHub Co-
pilot for learning and instructional purposes.

Empirical evidence suggests that factors such as perceived
usefulness, trust, satisfaction, and ethical awareness play im-
portant roles in shaping sustained engagement. Therefore, con-
tinuance intentionprovides a critical lens for analysing the long-
term integration of GenAl in programming education.

C. Benefits and Educational Capabilities of GenAl

GenAl tools provide scalable support for programming edu-
cation through automated code generation, debugging assis-
tance, and real-time explanation of programming concepts[§].
By analysing user inputs and coding patterns, these tools deliver
adaptive feedback and personalised learning support that en-
hances engagement, coding efficiency, and conceptual under-
standing [1].

In addition, GenAl supports exploration and collaborative
learning by allowing students to experiment with different cod-
ing approaches and interact with intelligent systems that simu-
late real-world development practices. These capabilities
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position GenAl as a flexible and learner-centered support sys-
tem that complements traditional teaching methods.

D. Summary of Research Gaps

Despite theincreasingnumber of studies on GenAlin higher
education, particularly in programming and computer science
education, the literature remains fragmented and lacks a unified
perspective. Existing research primarily focuses on short-term
learning outcomes, with limited attention to sustained use and
long-term educational impact.

Moreover, theoretical integration remains insufficient, as
many studies do not explicitly connect empirical findings with
established technology adoption models such as ECM, TAM,
and UTAUT. In addition, challengesrelated to ethics, pedagogy,
and infrastructure are often discussed in isolation rather than as
interconnected factors.

This study addresses these gaps by providing a systematic
synthesis of empirical evidence, integrating continuance inten-
tion theory, and developing a conceptual framework that links
adoption contexts, usage mechanisms, outcomes, and challenges
for sustainable GenAl integration in higher education, particu-
larly in programming education.

III. METHODOLOGY

This study adopts a systematic literature review (SLR) ap-
proachto synthesise empirical evidence on the use of Generative
Artificial Intelligence (GenAl) in higher education, with partic-
ular emphasis on programming and computerscience education.
The review follows the Preferred Reporting Items for System-
atic Reviews and Meta-Analyses (PRISMA 2020) guidelines to
ensure methodological transparency, reproducibility, and sys-
tematic reporting of the review process [20].

The overall procedure consists of the following structured
stages:

o Definition of research objectives and research questions

e Development of a review protocol, including search
strategy and selection criteria.

o Systematicliterature searchacross multiple academic da-
tabases.

e Screening and selection of relevant studies based on pre-
defined criteria.

e Data extraction using a structured framework.
e Quality assessment of selected studies; and
e Thematic synthesis and analysis of findings.

This structured methodology ensures a transparent and rep-
licable review process suitable for high-quality academic re-
search.

A. Research Questions

To structure the analysis and ensure a focused investigation,
this systematic literature review is guided by the following re-
search questions.
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e RQIl. How do GenAl tools influence learning outcomes
in higher education, particularly in programming and
computer science education, including code correctness,
debugging efficiency, conceptual understanding, and
student engagement?

e RQ2. What differences exist in GenAl adoption across
countries, institutions, course levels, and access condi-
tions such as infrastructure, policies, and licensing avail-
ability?

e RQ3. Whatare the perceptions of students and lecturers
toward GenAl in higher education, particularly in pro-
gramming and computer science education, and which
factors influence their continued intention to use these
technologies?

e RQ4. What pedagogical, ethical, and academic integrity
challenges arise from integrating GenAl into higher ed-
ucation, particularly in programming and computer sci-
ence education, and what mitigation strategies have been
proposed?

B. Review Protocol Design

To ensure the review is conducted in a systematic and relia-
ble way, a review protocol was prepared before starting the data
collection. This protocol served as a guide for the entire review
process and helped to reduce possible bias.

It clearlydefined thesearch strategy, including the keywords
and Boolean combinations used to retrieve relevant studies. It
also specified the selection of appropriate academic databases
and established the inclusion and exclusion criteria to determine
which studies should be considered.

In addition, the protocol outlined how data would be ex-
tracted from the selected studies in a consistent manner. A qual-
ity assessment approach was also included to evaluate the
strength and relevance of each study. Furthermore, the protocol
described how the collected data would be analysed and organ-
ised to ensure a clear and structured synthesis of the findings.

Overall, this protocol improves the consistency, transpar-
ency, and reliability of the review, making it easier for the pro-
cess to be understood and replicated.

C. Data Sources and Search Strategy

A comprehensive literature search was conducted across
Scopus, Web of Science, IEEE Xplore, and SpringerLink. These
databases were selected because they index high-quality peer-
reviewed research across computer science, education, and edu-
cational technology disciplines. The search included studies
publishedbetweenJanuary 2022 and September2025, reflecting
therecent emergence andrapid development of GenAlin higher
education.

The following Boolean search string was applied across the
databases, with minor formattingadjustments where required by
database syntax: ("Generative Artificial Intelligence" OR
"GenAlI" OR "ChatGPT" OR "GitHub Copilot") AND ("higher
education" OR "university" OR "college") AND ("program-
ming" OR "computer science" OR "coding").
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This search strategy was designed to prioritise empirical
studies on the use, adoption, and educational impact of GenAl
in programming and computer science education within higher
education. Relevant higher education studies outside strictly
programming-specific contexts were also retained during
screening where they provided direct insight into adoption con-
ditions, user perceptions, policy environments, ethical concerns,
or sustained use factors relevant to GenAl integration.

D. Inclusion and Exclusion Criteria

To ensure the relevance and quality of the selected studies,
clear inclusion and exclusion criteria were defined before the
screening process. Only studies thatreported empirical findings
on the use of Generative Artificial Intelligence (GenAl) in pro-
gramming or computer science education were considered. The
review focused specifically on studies involving higher educa-
tion students or lecturers, as this aligns with the scope of the
study.

Although this review primarily focuseson programming and
computer science education, a small number of broader higher
education studies were included when they provided empirical
evidence directly relevant to Gen Al adoption, user perceptions,
governance, institutional policies, ethical considerations, or sus-
tained use. These studies were retained because they offer in-
sights into contextual and continuance-related factors that in-
formthe integration of GenAlin programming-focused learning
environments.

In addition, only articles published in peer-reviewedjournals
or conference proceedings between 2022 and 2025 were in-
cluded, reflecting the recent and rapidly evolving nature of
GenAlin education. To maintain consistency and clarity in anal-
ysis, only studies published in English were considered.

On the other hand, studies were excluded if they didnot meet
these criteria. This includes publications such as editorials, opin-
ion papers, conceptual papers, and review articles, as they do not
provide primary empirical evidence. Studies published outside
the selected time frame or those not directly related to GenAl
use in higher education, particularly in programming and com-
puter science education, were also excluded.

These criteria helped to narrow the literature to relevant and
high-quality studies, ensuring that the review is focused, con-
sistent, and academically robust.

E. Screening Process

The database search initially identified 3,160 records. After
removing 956 duplicates, 2,204 unique records remained for
screening. Title and abstract screening excluded 2,100 records
that did not meet the study criteria. The remaining 104 articles
were assessed through full-text review, resulting in 60 studies
thatsatisfied the inclusion criteria and were retained for the final
synthesis. The complete screening process is presented in the
PRISMA flow diagram Fig. 1.

F. Data Extraction and Review Reliability

To ensure consistency and transparency in the review pro-
cess, a structured data extraction form was developed for all se-
lected studies. This formwas designed to systematically capture
relevant information from each article in a clear and organized
manner.
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The extracted dataincluded key bibliographic information,
as well as important analytical details such as the study context,
research design, sample characteristics, and the types of GenAl
toolsused. Inaddition, informationrelatedto learning outcomes,
user perceptions, reported challenges, and proposed mitigation
strategies was collected to support a comprehensive analysis.

To improve the reliability of the data extraction process, two
researchers independently reviewed the extracted information.
Any differences in interpretation or classification were dis-
cussedand resolved collaboratively. This approach helped to re-
duce bias and ensure consistency in the analysis[21].

Furthermore, the reporting of the review process was guided
by the PRISMA 2020 framework, which supports transparency
and allows the review procedure to be clearly understood and
replicated.

G. Quality Assessment

To ensure the credibility and methodological rigor of the se-
lected studies, a structured quality assessment was carried out
using a checklistadapted fromthe Critical Appraisal Skills Pro-
gramme (CASP), which is commonly used in systematic re-
views across interdisciplinary research[5].

The assessment focused on five key aspects: the clarity of
the research objectives, relevance to the study focus, methodo-
logical rigor, contribution to theory or practice, and transparency
inreportinglimitations. Each study was evaluated usinga binary
scoring system (0—1) for each criterion, resulting in a maximum
possiblescore of 5. To maintain a consistent quality standard,
only studies with a minimum score of 3 were included in the
final analysis.

To improve reliability and reduce subjective bias, the quality
assessmentwas conducted independently by two reviewers. Any
differences in scoring were discussed and resolved collabora-
tively, and where necessary, a third reviewer was consulted to
reach a final decision. This process helped to ensure consistency
and strengthen the reliability of the evaluation.

The quality assessment played an important role in filtering
out studies with unclear objectives, weak methodology, or lim-
ited relevance to GenAl in higher education, particularly in pro-
gramming and computer science education. As a result, the final
set of studies included in this review consists of high-quality re-
search that provides meaningful insights into the adoption, im-
pact, sustained use, and pedagogical implications of Generative
Artificial Intelligence in higher education, particularly in pro-
gramming and computer science education.

H. Coding and Thematic Analysis Approach

A mixed synthesis approach, combining both qualitative and
quantitative content analysis, was employed to analyse the se-
lected studies, allowing a comprehensive examination of both
descriptive trends and deeper thematic patterns within the liter-
ature. The coding process was conducted in two stages to ensure
reliability and transparency. First, descriptive coding classified
each studyaccordingto publication year, country or region, pub-
lication source, course level, GenAl tool, research design, and
participant group. Second, analytical coding identified themes
directly aligned with the research questions, including learning
outcomes, debugging support, conceptual understanding,
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adoption conditions, userperceptions, continuance intention, ac-
ademic integrity, ethical concerns, and mitigation strategies. For
example, studies reporting improvements in code accuracy or
debugging efficiency were coded under “learning outcomes,”
while studies discussing trust, satisfaction, or continued use
were coded under “continuance intention.”

To ensure consistency, a random subset of 20 articles was
independently coded by two reviewers, achieving an inter-rater
agreement of over 94%. Any disagreements in coding were dis-
cusseduntil consensus was reached. This dual coding strategy
enabled the review to capture both the breadth of adoption pat-
terns and the depth of thematic insights, providing a well-
roundedunderstandingofthe role of GenAlin higher education,
particularly in programming and computer science education.

IV. FINDINGS

This section presents the thematic findings of the review
based on the synthesis of 60 empirical studies examining the use
of Generative Artificial Intelligence (GenAl) in higher educa-
tion, with particular emphasis on programming and computer
science education. The reviewed studies comprised quantitative,
qualitative, and mixed-method designs, enablinga comprehen-
sive synthesis of adoption patterns, user perceptions, and educa-
tional outcomes associated with GenAl use in higher education,
particularly in programming contexts.

A. Impact on Learning Outcomes and Engagement

The reviewed studies consistently indicate that GenAl tools
are increasingly used in higher education, particularly in pro-
grammingand computer science education, to support code gen-
eration, debugging, and personalised learning assistance. Most
studies indicate that these tools contribute positively to student
learning outcomes by improving coding accuracy, accelerating
debugging processes, and increasing learners’ confidence in
programming tasks [4]. In addition, GenAl-supported feedback
systems provide real-time guidance that helps reduce frustration
and sustain student engagement when addressing complex pro-
gramming concepts [22],[23]. Adaptive features further enable
students to progress at their own pace while addressing individ-
ual knowledge gaps [6].

Beyond individual performance gains, studies highlight the
role of GenAl in supporting collaborative and reflective learn-
ing. The use of Al tools in group programming activities has
been shown to stimulate peer discussion, collaborative debug-
ging, and critical reflection on Al-generated outputs, thereby
strengthening both cognitive and social aspects of programming
education [10], [24]. In addition, personalised feedback mecha-
nisms may help reduce performance disparities between stu-
dents with different levels of programming proficiency [6].

However, the effectiveness of GenAl tools varies across
platforms, programming tasks, and instructional contexts. Com-
parative studies show that the accuracy and usefulness of tools
depend on the complexity of the coding problem and the level
of student expertise [2]. Many studies report improvements in
motivation and engagement; evidence regarding consistent im-
provements in academic performance remains mixed [8]. Some
research also indicates that GenAl tools may struggle with com-
plex coding problems, highlighting the need for educators to
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critically guide studentsin evaluatingand adapting Al-generated
solutions [25].
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Fig. 1. PRISMA 2020 flow diagram illustrating the study selection process.

The surge in publications coincides with the emergence of
large language model-based systems such as ChatGPT and
GitHub Copilot, which have significantly accelerated experi-
mentationwith Al-assisted programming learning. No empirical
studies were identified in 2022, reflecting the late emergence of
GenAlresearch following the release of ChatGPT in late 2022.
The zero count for 2022 reflects the fact that mainstream peda-
gogical research into generative Al was catalyzed by the release
of ChatGPT in November 2022, meaning thatthe first wave of
empirical findings did not reach publication until 2023. Fol-
lowed by 6 in 2023 and 22 in 2024, reflecting a substantial in-
crease in scholarly attention. By 2025, an additional 32 studies
had already been reported, suggesting that research on GenAl in
higher education, particularly in programming and computer
science education, continues to expand rapidly, as shown in
Fig. 2.
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Fig. 2. Year-wise distribution of publications on GenAl in programming
education (2022-2025).
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B. Contexts of Adoption and Equity

The reviewed studies reveal notable disparities in the adop-
tion of Generative Artificial Intelligence (GenAl) across course
levels, institutions, and geographical contexts. Although many
studies examine GenAluse in higher education broadly, fewer
focus on specific domains within computer science education.

Introductory programming (CS1) emerges as the most com-
mon context of application, with 12 studies (20%) reporting the
use of GenAltools to support beginners in learning fundamental
codingskills. Advanced programming and software engineering
courses account for 10 studies (16.6%), while algorithms and
data structures are addressed in 8 studies (13.3%). In addition,
18 studies (30%) investigate GenAl adoption in higher educa-
tion settings without specifying a particular programming do-
main.

These patterns suggest that GenAl tools are currently used
most extensively in introductory programming environments,
where real-time guidance can assist students in addressing syn-
tax errors, debuggingtasks, and foundational programming con-
cepts. The distribution of studies across computer science do-
mains is illustrated in Fig. 3, highlighting the concentration of
GenAl applications at early stages of programming education.

General Higher Education

(unspecified CS domain) 18 (30.0%)

Introductory Programming

(csny 12(20.0%)

Advanced Programming/

Software Eng. 16 (26.7%)

Algorithms &

23,39
Data Structures 14(23.3%)

0 5 10 15 20 25
Number of Studies (n = 60)

Fig. 3. Distribution of reviewed studies across computer science domains.

Regional disparities were also evident across the reviewed
studies. Higher levels of GenAladoption were reported in coun-
tries such as China, the United States, and Australia, where
stronginstitutional support, technological infrastructure, and ac-
cessto Altools haveenabled early integrationinto programming
education [1], [39], [9]. In contrast, studies from Africa and
South Asia highlight barriers related to limited infrastructure,
policyreadiness,andaccess to Alresources, which constrainthe
equitable adoption of GenAl in higher education [26], [27].
These findings suggest that institutional capacity and resource
availability play an important role in shaping the global diffu-
sion of GenAl in programming education. As illustrated in
Fig. 4, Chinaaccounts for thelargest share of studies (12 studies,
approximately 20%), indicating its leading position in research
and implementation within this domain.

The findings indicate that although theadoption of GenAlin
programmingeducation is expanding, it remains concentrated in
introductory course levels and technologically advanced re-
gions. This uneven distribution highlights potential disparities in
access and implementation across institutions and regions. If re-
source-limited contexts are notadequately supported, the diffu-
sion of GenAlImay further widen existing global inequalities in
computing education. Ensuring equitable access to
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technological infrastructure, policy support, and digital literacy
therefore remains essential for the sustainable and inclusive in-
tegration of GenAl in programming education.
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|

Nigeria
Philippines
Bulgaria

Chile

Czech Republic
Ecuador
Germany
Hungary

Israel

Iraly

Malaysia
Netherlands
Poland
Republic of North Macedonia
Singapore
South Africa
South Korea
Sweden

UAE

Il

2 (3.33%)
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1(1.67%)

Country

1(2.67%)
1(1.67%)
1(1.67%)
1(1.67%)
1(1.67%)
1(1.67%)
1(1.67%)
1(1.67%)
1(1.67%)
1(1.67%)
1(1.67%)

IO oo

2 4 8 10 12

6
Number of Publications

Fig. 4. Geographic distribution of reviewed studies by country.

C. Students’ and Lecturers’ GenAl Perceptions and
Continuance of Use

Most reviewed studies report that students hold generally
positiveperceptions of GenAltools, describing them as support-
ive resources that reduce frustration and make programming
tasks moreengagingsee Fig. 5. Students frequently highlight the
usefulness oftoolssuch as ChatGPT and GitHub Copilot in clar-
ifying difficult programming concepts, assisting with debug-
ging, and strengthening confidence in coding abilities [26].
These findings suggest that learners perceive GenAl not merely
as a convenience butas a learning aid that supports persistence
and self-efficacy in programming education.

Concerns about

over-reliance and integrity 2 Mixed/positive

teacher perceptions

Positive student perceptions

Fig. 5. Comparison of students’ and lecturers’ perceptions of GenAl use.

Lecturers, however, express more cautious and divided per-
spectives. Some acknowledge that Gen Al can improve instruc-
tional efficiency by assisting with automated feedback and as-
sessment processes [1]. Others raise concerns related to aca-
demic integrity, faimess in assessment, and the potential for stu-
dents to become overly dependent on Al-generated solutions
[28].Questions aboutthe reliability of Al-generated code further
contribute to this caution, as inaccuracies or hidden errors may
affecttrust in GenAl for complex or high-stakes programming
tasks [2].
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These findings reveal a perceptual gap between students and
lecturers. While students tend to view GenAl as an empowering
learning tool and show strong willingness to continue using it,
lecturers often weigh its efficiency benefits against concerns re-
lated to trust, originality, and long-term learning outcomes. This
divergence suggests that continuance intention is influenced not
only by perceived usefulness but also by factors such as trust,
ethical considerations, and the pedagogical frameworks estab-
lished by educators.

D. Pedagogical and Integrity Challenges

The review identified several challenges that complicate the
integration of GenAl into programming education, particularly
regarding tool reliability and academic integrity. A recurring
concern is the accuracy of Al-generated code. Although tools
such as ChatGPT can quickly generate functional code snippets,
studies report that the outputs may contain logical or syntactic
errors that novice learners often struggleto detect [2]. Such lim-
itations can mislead students and highlight the need for critical
evaluation of Al-generated solutions. In addition, excessive re-
liance on GenAl tools may reduce opportunities for students to
develop independent debugging and problem-solving skills,
raisingquestions about their long-term pedagogical impact [12].

Academicintegrity represents another major challenge. Sev-
eral studies indicate that GenAl tools can be misused to bypass
programming assessments, blurring the boundary between au-
thentic student work and Al-assisted outputs [29]. This creates
concerns about fairness, transparency, and the validity of assess-
ment when Al-generated code becomes difficult to distinguish
from student submissions [59]. These issues highlight the im-
portance of establishing clearinstitutional policies and pedagog-
ical guidelines to ensure responsible use of GenAl in program-
ming courses.

Finally, the findings indicate that the integration of GenAl in
higher education, particularly in programming and computer
science education, is expanding rapidly but remains uneven
across institutional contexts and geographical regions. While
many studies highlight improvements in coding support, debug-
ging efficiency, and learner engagement, concerns regarding ac-
ademic integrity, over-reliance on Al-generated solutions, and
unequal access to technological infrastructure continue to shape
how these toolsare adopted in educational settings. These pat-
terns underscore theneed for pedagogically guided and ethically
responsibleintegration of GenAlwithin programming curricula.

V. DISCUSSION

This section synthesises the key findings of the review, ex-
plicitly relates them to the research questions (RQ1—-RQ4), and
discussestheir broader implications for theory, practice, and pol-
icy in higher education, with particular emphasis on program-
ming and computer science education. It further identifies criti-
cal gaps and outlines directions for the responsible and sustain-
able use of GenAl in higher education.

A. Influence of GenAl on Learning Outcomes in Higher
Education
In responseto RQ1,which examines how GenAltools influ-

ence programming learning outcomes, the findings consistently
indicate that GenAl significantly improves code correctness,
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debuggingefficiency, conceptual understanding, and studenten-
gagement. This aligns with prior studies [6], [2], which report
that Al-assisted programming tools enhance students’ coding
accuracy and reduce cognitive load during problem-solving
tasks.

GenAl tools function as intelligent leaming assistants,
providing real-time feedback, automated code suggestions, and
explanatory support that facilitate students’ problem-solving
processes [21]. These capabilities contribute to increased confi-
dence and engagement, reinforcing both cognitive and affective
dimensions of learning. Similar findings have been reported in
[8], where students using GenAl demonstrated higher levels of
motivation and deeper conceptual understanding compared to
traditional learning environments.

However, the findings alsoreveal that these benefits are con-
text-dependent. While performance improvements are evident,
excessive reliance on Al-generated solutions may reduce active
learning and limit the development of independent problem-
solving skills. This concern is consistent with studies by [8] and
[24], which highlight the risk of overdependence on Al tools
leadingto superficial learningand reduced critical thinking abil-
ities.

This suggests that the impact of GenAlis notinherently pos-
itive but is mediated by how it is integrated into pedagogical
practices. As noted in [23], effective instructional design and
guided use of GenAl are essential to ensure that students engage
meaningfully with learning tasks rather than passively relying
on automated outputs.

B. Variability in GenAl Adoption Across Contexts

AddressingRQ2,the review reveals substantial variability in
the adoption of GenAl across countries, institutions, course lev-
els, and access conditions, including digital infrastructure, insti-
tutional policies, and licensing availability. This finding is con-
sistent with prior studies [59], [3], which emphasize that the up-
take of emerging educational technologies is highly contingent
on contextual and organizational factors.

The findings suggest that GenAl adoption is uneven and
shaped by a combination of technological readiness and institu-
tional support. Institutions with well-developed digital infra-
structure, stable internet access, and clearly defined policy
frameworks tend to demonstrate higher levels of GenAl integra-
tion in teachingandlearning practices. In contrast, resource-con-
strained environments face persistent barriers related to limited
access, high subscription costs, and insufficient technical sup-
port. Similar patterns have been reported in [11], where dispari-
ties in infrastructure and funding significantly influenced the
adoption of Al-based educational tools.

This variability reflects broader issues of digital inequality,
where unequal access to GenAl tools risks reinforcing existing
educational disparities between institutions and regions. As
highlighted in [59], students and educators in under-resourced
settings may be systematically disadvantaged, limiting their
ability to benefit from Al-enhanced learning environments.

Furthermore, inconsistent or ambiguous institutional poli-
cies create uncertainty regarding acceptable use, academic in-
tegrity, and ethical boundaries, which may hinder effective and
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confidentadoption. This aligns with findings from [17] and [8],
which indicate that the absence of clear governance frameworks
often leads to cautious orrestricted use of Gen Al by educators.

Taken together, these findings suggest that Gen Al adoption
should not be viewed as a purely technological issue, but rather
as a context-dependent and policy-sensitive process. Effective
integration, therefore, requires not only access to technology,
but also institutional readiness, clear guidelines, and equitable
resource distribution, as emphasized in [17].

C. Perceptions and Continuance Intention of GenAl Use

The findings indicate that both students and lecturers per-
ceive GenAlas auseful andefficienttool that enhanceslearning,
problem-solving, and conceptual understanding [12], [30].
However, continuance intention is not driven by perceived use-
fulness alone but by interrelated factors including satisfaction,
trust, motivation, and ethical alignment.

Consistent with the Expectation-Confirmation Model
(ECM), satisfaction emerges as a key determinant of continued
use, shaped by post-adoption experiences [31],[11]. Trust also
plays a critical role, particularly when students are perceived to
use GenAlresponsibly andin line withacademic integrity stand-
ards [18], [32].

Ethical considerations further reinforce this process, as clear
guidelines and training enhance both academic integrity and
trust, supporting sustainableadoption [ 10]. Additionally, GenAl
positively influences student motivation and engagement, indi-
rectly strengthening continuance intention [33].

The findings suggest that continuance intention differs be-
tween students and lecturers. For students, continued use is
mainly shapedby perceived usefulness [30], immediate learning
support, confidence in programming tasks, debugging assis-
tance, and reduced frustration. In contrast, lecturers’ continu-
ance intention is more strongly influenced by trust, reliability of
Al-generated outputs, academic integrity, assessment fairness,
institutional policy, and the extent to which GenAl supports ra-
ther than weakens learning objectives. Therefore, sustainable
GenAl adoption requires addressing both student learning ben-
efits and lecturer concerns regarding responsible use.

D. Pedagogical, Ethical, and Academic Integrity Challenges

In response to RQ4, the review identifies key challenges as-
sociated with GenAl integration in programming education, in-
cluding academic integrity risks, over-reliance, reliability con-
cerns,andethical misuse. Thesechallenges highlight that GenAl
adoption extends beyond technical benefits to important peda-
gogical and ethical considerations.

Academic integrity is a major concern, as GenAl can gener-
ate complete solutions, making it difficult to assess students’
original work. This challenges traditional assessment practices
and raises issues of fairness and authenticity, as also reported in
[34].

Over-reliance on GenAl may limit the development of es-
sential programming skills, such as problem-solving and algo-
rithmic thinking. While GenAl improves efficiency, excessive
dependence can reduce active learning, consistent with findings
in [21], [6].
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Reliability issues further complicate its use, as GenAl may
produce incorrect or misleading outputs. Without proper verifi-
cation, this can negatively affect learning outcomes, particularly
for less experienced students [6].

Ethical misuse is another critical issue, as unclear guidelines
may lead to inappropriate use, including plagiarism or over-de-
pendence on Al-generated content. This underscores the im-
portance of ethical awareness and governance in GenAl adop-
tion [33].

Although GenAltools are useful for introductory program-
ming tasks, their effectiveness is more limited in advanced pro-
gramming contexts. Complex algorithmic reasoning, software
architecture design, large-scale debugging, security-sensitive
coding, and domain-specific optimisation tasks often require
deeper human judgement. GenAl-generated code may appear
syntactically correct while containing hidden logical errors, in-
efficient structures, or unsuitable design assumptions.

This review is also subject to temporal limitations. GenAl
tools andtheir educational applicationsare evolving rapidly,and
findings from earlier studies, particularly those published in
2022 and 2023, may not fully reflect the current capabilities of
newer GenAl systems or recent institutional policy develop-
ments. As a result, the conclusions of this review should be in-
terpreted as a synthesis of the available evidence within the
2022-2025 publication window rather than a final or static ac-
count of GenAl use in higher education. Therefore, GenAl
should be used as a guided learning assistant rather than a re-
placement for independent reasoning, expert feedback, and rig-
orous code verification.

To address these challenges, the literature suggests redesign-
ing assessments to focus on learning processes, promoting Al
literacy, integrating GenAl within guided learning environ-
ments, and establishing clear institutional policies.

Overall, these findings indicate that addressing ethical and
academic integrity concemns is essential for fostering trust and
ensuring the sustainable and responsible use of GenAl in higher
education.

E. Implications for Theory, Practice, and Policy

The findings of this study offer important implications
acrosstheoretical, practical, and policy dimensions. From a the-
oretical perspective, the results highlight the need to extend ex-
isting technology adoption models by integrating ethical and
pedagogical factors, particularly in explaining continuance in-
tention in GenAl-supported learning environments. This sup-
ports the inclusion of constructs such as trust, academic integ-
rity, and ethical considerations beyond traditional frameworks
like TAM and UTAUT [19].

From a practical perspective, educators are encouraged to
adopt balanced instructional strategies that leverage the benefits
of GenAl while preserving active learning, critical thinking, and
independent problem-solving skills. This aligns with prior stud-
ies emphasizing guided and responsible Al integration in educa-
tion [33]. Institutions should also provide adequate training,
technical support, and clear usage guidelines to ensure effective
and responsible student engagement with GenAl tools.
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From a policy perspective, the findings underscore the need
for well-defined institutional and regulatory frameworks thatad-
dress academic integrity, ethical use,and data governancein Al-
assisted learning environments. Clearpolicies are essential to re-
duce ambiguity, enhance trust, and support sustainable adoption
of GenAl in higher education [26], [27].

F. Research Gaps and Future Directions

The review reveals several important gaps in the current lit-
erature on Generative Al in education. First, longitudinal evi-
dence remains limited, as most studies examine immediate or
short-term outcomes rather than the sustained effects of GenAl
on learning performance, skill development, and academic be-
haviour overtime. As aresult, the durability of the reported ben-
efits is stillunclear. Second, contextual variation across regions,
institutions, and resource environments remains insufficiently
addressed. Differences in infrastructure, policy support, institu-
tionalreadiness, and access conditions are likely to shape both
adoption and educational effectiveness, yet these factors are
rarely examined in a systematic way.

This unevenness is also reflected in the distribution of stud-
ies presented in Table I. Although thereviewed literature spans
multiple countries, the evidence remains concentrated in a rela-
tively small number of national settings, with China appearing
most frequently. This pattern likely reflects stronger investment
in artificial intelligence, rapid digitalisation in higher education,
and a large STEM-oriented academic community capable of
supporting early experimentation and sustained publication. A
similar concentration is evident at thetechnological level, where
ChatGPT overwhelmingly dominates the reviewed studies. Its
accessibility, ease of use, and broad applicability to tasks such
as writing, coding, explanation, and problem-solvinghave made
it the most common platform for empirical investigation. By
contrast, othertools, including Copilot, Gemini, DALL-E, and
Midjourney, appear only sporadically, suggesting that the cur-
rentknowledge baseis still beingdeveloped around a narrow set
of technological experiences. Taken together, these pattems in-
dicate thatexisting findings, while valuable, may reflect the con-
ditions of well-resourced contexts and the affordances of a sin-
gle dominant platform more thanthe full diversity ofeducational
realities. Table I therefore not only describes the spread of liter-
ature but also underscores the need for broader comparative
work across countries, institutional settings, and GenAl tools to
strengthen the robustness and transferability of future evidence.

TABLE 1. SUMMARY OF THE DISTRIBUTION OF THE STUDY
SN Author(s) Ref. | Year Country Tools
1 Ivanov et al. [35] | 2024 | Bulgaria ChatGPT
2 %iK' Y.Chan& | 151 | 2024 | China ChatGPT
3 Yangetal [36] | 2025 | China ChatGPT
Suchanek & Czech
4 Kralova [317 | 2025 Republic ChatGPT
5 Tbaishat et al. [37] | 2025 | UAE ChaFGPT,
Copilot
Yilmaz &
6 Karaoglan [51 2023 | Turkey ChatGPT
Yilmaz
7 Kohnke et al. [38] | 2023 | China ChatGPT

. . ChatGPT,
8 Chiu [39] | 2024 | China Copilot
9 Lecetal [1] 2024 | Australia ChatGPT
10 | Awidi [23] | 2024 | Australia ChatGPT
11 Kohnke [40] | 2024 | China ChatGPT
12 | Ulla etal [41] | 2024 | Philippines ChatGPT
13 Wanget al. [9] 2024 | USA ChatGPT
14 | Kongetal. [34] | 2024 | China ChatGPT,
Sora
15 | Jinetal [17] | 2025 | Australia Midjourney
16 Huanget al. [42] | 2025 | USA ChatGPT
. ChatGPT,
17 Hashmi & Bal [43] | 2024 | USA DALL-E
18 | Charles et al. [44] | 2025 | Australia ChatGPT,
Copilot
19 | Ukwandu et al. [45] | 2024 | UK ChatGPT
20 | Zouetal [46] | 2025 | China GenAl
chatbot
21 | Ottoetal 125] | 2025 | Denmark ChatGPT,
Copilot
22 | N.N. Chanetal. | [47] | 2025 | Malaysia ChatGPT,
Copilot
Gmiterek & ChatGPT,
23 | o [48] | 2025 | Poland P
24 | Beckmanetal [49] | 2025 | Australia ChatGPT
25 | Zhaoetal. [50] | 2024 | China ChatGPT
26 | Ratten & Jones [51] | 2023 | Australia ChatGPT
27 | Ostick et al. (521 | 2025 | Usa ChatGPT,
Gemini
28 | Daietal [53] | 2023 | China ChatGPT
29 Cha etal [54] | 2024 | China ChatGPT
30 2‘19 & Ofosu- | 1191 | 9025 | South Korea ChatGPT
im
31 gealputter'smns [55] | 2025 | Netherlands | ChatGPT
32 | McDonald etal. | [56] | 2025 | USA ChatGPT
33 | V.C. Chan [57] | 2025 | USA ChatGPT
34 | Nikolic et al. 129] | 2024 | Australia ChatGPT,
Copilot
35 Bikanga Ada [12] | 2024 | UK ChatGPT
36 Iuere.“a' 3] | 2024 | Ecuador Gemini
zquierdo et al.
37 | Mellado etal. [4] 2024 | Chile GenAl
38 | Sarsam etal. [58] | 2023 | UK Bard GAI
chatbot
39 | Hemandezetal | [6] 2025 | Philippines ChatGPT
Huynh & ChatGPT,
40 Aichner [15] | 2025 | Italy DALL-E
41 | Yakubuetal. | [26] | 2025 | Nigeria ChatGPT,
Copilot
42 | Otto,Lavi,etal. | [59] | 2025 | Denmark ChatGPT
43 | Nicolajsenetal. | [60] | 2024 | Denmark ChatGPT
44 | Aruleba etal [10] | 2025 | South Africa ChatGPT
45 Ren & Wu [33] | 2025 | USA ChatGPT
46 | Cengiz & Peker [61] | 2025 | Turkey ChatGPT
47 | Quetal [62] | 2024 | Singapore ChatGPT
48 | Heiletal. [63] | 2025 | Germany ChatGPT
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49 Kohen-Vacs et 2] 2025 | Isracl ChaFGPT,
al. Copilot
50 Bjelobaba etal. | [13] | 2025 | Sweden ChatGPT
51 EI'HK' Y- Chan& o0 1 5003 | China ChatGPT
52 | Yusufetal [27] | 2024 | Nigeria ChatGPT
53 | Anetal [64] | 2025 | USA ChatGPT
Republic  of
54 | Zdravkova & 1 o5 | 9005 | North ChatGPT
Iljoski .
Macedonia
ChatGPT,
55 Ursavasg et al. [66] | 2025 | Turkey Copilot
56 Fanetal [67] | 2025 | China ChatGPT
57 | Alagéz Hamzaj | [22] | 2025 | Turkey ChatGPT
58 | Dabis & Csaki [68] | 2024 | Hungary ChatGPT
Akgapmar &
59 Sidan [7] 2024 | Turkey ChatGPT
60 | Irish etal 41| 2025 | Usa chatGPT,
emini

Third, existing studies tend to examine technological, peda-
gogical, and ethical dimensions in isolation, resulting in frag-
mented insights. This highlights the need for more integrated
frameworks that capture the complex interactions between these
factors.

Future research should therefore adopt interdisciplinary and
mixed-method approaches to provide a more holistic under-
standingof GenAluse in education. In particular, studies should
focus on developing unified models that incorporate technolog-
ical, pedagogical, and ethical constructs to better explain sus-
tainable and responsible GenAl adoption.

G. Towards Sustainable and Responsible GenAl Integration

Overall, the findings suggest that theintegration of GenAlin
programming education should move beyond a purely perfor-
mance-driven approach toward a more responsibility-oriented
framework. While GenAl demonstrates clear benefits in enhanc-
ing learning outcomes, its long-term value depends on how re-
sponsibly it is adopted and managed.

Sustainable integration requires a careful balance between
technological capability, pedagogical alignment, ethical govern-
ance, and institutional readiness. These dimensions must work
together to ensure that GenAl supports meaningful learning
while preserving academic integrity, critical thinking, and edu-
cational quality.

VI. CONCLUSION AND FUTURE WORK

A. Conclusion

Generative Artificial Intelligence (GenAl) has emerged as a
significant development in higher education, with particular rel-
evance for programming and computer science education. Its
growing use in educational settings has introduced new oppor-
tunities for code generation, real-time feedback, conceptual ex-
planation, and adaptive learning support. At the same time, its
integration also raises important pedagogical, ethical, and insti-
tutional challenges that are not yet fully understood.

This systematic literature review synthesised evidence from
60 empirical studies published between 2022 and 2025, provid-
inga structuredoverview of GenAluse in higher education, with
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particular emphasis on programming and computer science ed-
ucation. In relationto RQ1, the findings show that GenAl can
positively influence learning outcomes by improving code cor-
rectness, debugging efficiency, conceptual understanding, and
student engagement. These results suggest that GenAl functions
not only as a productivity tool butalso as a learning support sys-
tem that can enhance the educational process.

Addressing RQ2, the review reveals considerable variation
in GenAl adoption across countries, institutions, course con-
texts, and access conditions. These differences are shaped by
disparities in infrastructure, policy frameworks, institutional
readiness, and resource availability, highlighting the importance
of contextin shapingeffective adoption. Inresponseto RQ3, the
findings indicate that both students and lecturers generally per-
ceive GenAl positively. However, continued use is influenced
by more thanusefulness alone. Factors suchas satisfaction, trust,
motivation, and ethical alignment play an important role in shap-
ingsustained engagement. RegardingRQ4, the review identifies
major challengesrelated to academic integrity, over-reliance, re-
liability, and ethical misuse, underscoring the need for careful
pedagogical design, clear institutional policies, and responsible
governance.

Taken together, these findings highlight the need for a more
integrated, theory-informed, and pedagogically grounded ap-
proachto GenAl adoption. Such an approach should align tech-
nological capability with educational goals, ethical responsibil-
ity, and institutional readiness in order to support more sustain-
able and meaningful use of GenAl in higher education, particu-
larly in programming and computer science education.

B. Future Work

Based on the identified gaps and limitations in the literature,
this review proposes several directions for future research, prac-
tice, and policy development:

1) Longitudinal and experimental evaluation: Future
research should move beyond short-term performance
measures to examine the long-term impact of GenAl on
learning, cognitive development, problem-solving ability, and
computational thinking. Such studies are necessary to
determine whether the observed benefits of GenAl translate
into sustained educational outcomes over time.

2) Expansion into advanced programming and broader
disciplinary contexts: Further studies are needed to explore the
role of GenAl in more advanced areas of programming and
computer science education, including algorithms, software
engineering, and complex system design. At the same time,
broader higher education contexts should also be examined to
understand how GenAl functions across disciplines with
different learning demands.

3) Addressing global and institutional disparities: More
research is needed to investigate how differences in
infrastructure, policy frameworks, access conditions, and
institutional readiness shape equitable adoption across regions,
particularly in under-resourced and developing contexts.

4) Pedagogical integration and instructor role: Future
work should examine how GenAl can be effectively embedded
within teaching practice, including curriculum redesign,
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instructor training, and the development of Al-supported
strategies that promote responsible and meaningful learning.

5) Evaluation of governance and academic integrity
frameworks: There is a need for empirical research that
evaluates the effectiveness of institutional policies, ethical
guidelines, and assessment redesign strategies in addressing
academic integrity concerns and reducing misuse.

6) Theory-driven andinterdisciplinary approaches: Future
research should adopt stronger theoretical foundations by
extending models such as ECM, TAM, and UTAUT, while
integrating perspectives from educational theory, human—
computer interaction, and ethics to develop more
comprehensive and context-sensitive frameworks for GenAl in
higher education.

7) Practical implications for educators and policymakers:
For educators, the findings suggest the need to integrate GenAl
through guided instructional design, Al literacy activities,
assessment redesign, and critical evaluation of Al-generated
outputs. For policymakers and institutional leaders, the results
highlight the importance of clear academic integrity policies,
equitable access to GenAl tools, staff training, ethical
governance, and continuous monitoring of GenAl use in
teachingand learning. These measures are essential to ensure
that GenAl supports meaningful, inclusive, and responsible
education.

The rapid evolution of Generative Artificial Intelligence
(GenAl) is reshaping teaching and learning in higher education,
with particularly important implications for programming and
computer science education. Ensuring its effective and respon-
sible integration requires more than technological advancement;
it demands a coordinated effort to align pedagogy, ethical prin-
ciples, and institutional governance. As this review has shown,
the foundation for GenAl-supported learning has been estab-
lished, but it remains incomplete and still evolving. The next
phase of research and practice should therefore focus on devel-
oping sustainable, inclusive, and theory-informed frameworks
that position GenAlnot merely as a tool for efficiency, but as a
resource for meaningful, equitable, and responsible education.
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