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 A B S T R A C T

Recent advances in generative artificial intelligence (GenAI) are revolutionizing computing education, causing 
paradigm shifts from the traditional teaching and learning technique. Studies are exploring GenAI tools in 
computing classes from intro to advanced topics with the aim to showcase how to reshape computing education 
in this new era of GenAI. This study examined the computing education research landscape to unravel how 
GenAI tools have been used in that domain, what are the characteristics of those studies in terms of computing 
topics, context, and tools, offering insights into the pros and cons for integrating GenAI in computing education 
based on the performance indicators reported in the literature. This study employed a systematic literature 
review approach to identify and analyze 78 relevant articles. The findings of this study show that educators are 
exploring GenAI tools in computer sciences classes from K-12 through graduate levels. Beyond programming 
education, GenAI has also been explored in college upper-level computer science courses such as Computer 
Graphics and Human-Computer Interaction. The performance analysis of these tools are presented in this study, 
indicating a progressive advancement from when the technology was introduced. This study also discusses 
learning outcomes, good practices, and potential risks to avoid when exploring GenAI, as reported in the 
studies, which could guide how computing educators design their instructional strategies using GenAI. This 
study contributes to broadening the understanding of exploring, adapting, or using GenAI in computer science 
education and may spark interest among educators who are unwilling to explore GenAI or may not understand 
how or what strategies to adopt.
1. Introduction

The use of generative artificial intelligence (GenAI) tools in ed-
ucation has risen across different disciplines due to its potential to 
transform learning in different contexts [1]. In computing education, 
there has been an upsurge in exploration of Large Language Models 
(LLM) such as ChatGPT, CoPilot, and Codex in developing curriculum 
for teaching programming at higher education levels. Although the 
question of whether to accept the use of GenAI tools in computing 
education and particularly in introductory programming class is an 
ongoing discussion. A ground-breaking work by [2] provides insightful 
overview from several perspectives on how GenAI is penetrating the 
computing education domain. Another recent study by [3] elucidates 
that GenAI is transforming the practices of teaching and learning of 
programming by using LLM-based code generation.
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Notwithstanding, many educators are still contemplating whether 
a paradigm shift from traditional programming education to a new 
approach engendered by this transformation brought about by the 
GenAI is worth pursuing. Some are unwilling to take the risks of 
introducing GenAI-based tools into their computing classes since they 
are unsure of the outcomes. Majority of these fears are connected to 
lack of understanding on how to assess students’ learning outcomes, 
especially if they were allowed to use GenAI tools. This includes the 
impact of the GenAI tool on academic integrity and student cheating 
behaviors [4].

While there are mixed feelings about the integration of GenAI tools 
in computing education, many educators were bold to take the risk of 
introducing varied GenAI tools in their classes and reported them in 
published articles. Majority of these studies are exploratory research 
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being conducted to demonstrate how to integrate LLM and GenAI-based 
tools in teaching computing topics in classrooms. This exploration 
continues to rise as the GenAI technology keeps advancing with many 
enticing promises to revolutionize many sectors. What is more? There is 
a need to continuously examine the literature through the lenses of the 
literature review to broaden the understanding of educators about what 
has been reported that showcased the integration of GenAI tools in 
computing education. This understanding can also provide a roadmap 
for educators to delve into the use of GenAI in the classroom.

While existing research on GenAI in computing education has pre-
dominantly focused on introductory programming courses, this narrow 
scope risks overlooking critical pedagogical and practical challenges 
unique to broad computing disciplines. Studies reveal that introductory 
courses often emphasize basic syntax and problem-solving frameworks, 
where GenAI tools such as ChatGPT and Copilot excel at generating 
code snippets or debugging simple errors [2,3]. However, broad com-
puting education, such as distributed systems, software engineering, 
web development, or human–computer interaction, requires students 
to synthesize complex architectures, optimize performance, and nav-
igate ethical dilemmas in real-world applications, tasks that demand 
higher-order cognitive skills. A systematic literature review focusing on 
broad computing contexts could uncover patterns in how GenAI either 
enhances or hinders learning outcomes in these settings, identify gaps 
in tool reliability for domain-specific tasks, and inform frameworks for 
teaching AI literacy tailored to advanced competencies. In addition, 
understanding how GenAI-based tools have been explored in computing 
education will help us gain insight into what have been reported as po-
tential risks to avoid, surprises to expect, and learning gains that could 
motivate both learners and educators. To address this gap, this study 
aims to provide insights into how GenAI tools have been integrated in 
computing education classes broadly, setting out the following research 
questions to be addressed.

RQ1: How have GenAI tools been used for teaching and learning 
in computer science education?

In dealing with this research question, the study will try to provide 
answers to the following sub-questions:

• Which educational level context are the studies on GenAI in 
computing education targeted at?

• What topics in computing education are being taught using 
GenAI?

• Where are the authors using GenAI in computing education?
• Which GenAI tools are being explored to foster computing educa-
tion?

• What methodological approaches are used to introduce GenAI 
into computing education?

• What are the characteristics of the sample size reported in articles 
that utilize GenAI in computing education?

RQ2: What are the pros and cons of integrating GenAI tools in 
computing education as reported in the articles?

2. Background and related work

Generative Artificial Intelligence (GenAI) traces its origins to the 
1960s with the development of ELIZA, the primitive pioneering exam-
ple of a conversational agent [5]. The design of ELIZA was influenced 
by earlier work [6], which laid foundational principles for natural 
language understanding within specific domains. A generative model 
is a mathematical framework that describes the underlying probability 
distribution of observable and non-observable events [7]. Unlike dis-
criminative models, which focus on recognizing patterns and making 
predictions based on existing data, generative models aim to cre-
ate new, believable examples from the learned experience [8]. The 
wide adoption of GenAI can be attributed to the emergence of Chat-
GPT, which was released in November 2022 [9] with some of its 
2 
common attributes including language understanding, content genera-
tion, including customer support, medical diagnosis, legal analysis, and 
financial forecasting.

GenAI has evolved and keeps evolving. Various GenAI tools, such 
as Google’s Bard, Microsoft’s Bing Chat, OpenAI’s GPT-3, Amazon’s 
Lex and Meta’ LLaMA rely on different aspects of artificial intelligence 
and natural language processing. For example, Bard and Bing Chat use 
transformer-based architectures along with large language models to 
generate responses that resemble human-like ones [10]. In contrast, 
GPT-3 leverages the idea of ‘‘self-attention’’ while scaling up its linguis-
tic models to increase understanding capabilities and generation skills. 
These trends in GenAI evolution pave the way for their adoption in 
more facets of human endeavor.

2.1. Generative AI in education

The impact of GenAI on education is significant as it can augment 
both the teaching and the learning experience. Encouraging findings 
have emerged from various research studies that investigated its ed-
ucational possibilities over time; for example, chatbots powered by 
GenAI technology offer personalized feedback and guidance to stu-
dents in their study journey [11]. Furthermore, GenAI has shown an 
immense potential to generate interactive lesson plans or assignment 
evaluations [12], reducing the workload of teachers while enhancing 
the quality of the instructional standards simultaneously.

However, the role of GenAI, for example, ChatGPT, in education 
remains a debatable topic as educators and researchers grapple with 
the varied ways it can be integrated into the learning process without 
circumventing the learning outcomes. It has been argued that Chat-
GPT has the potential to reshape pedagogical approaches by offering 
on-demand assistance, facilitating adaptive learning experiences, and 
creating interactive and engaging learning experiences [13]. Accord-
ing to Prather et al. [2], the Large Language model provides several 
opportunities and challenges in education which include; new instruc-
tional approaches, academic integrity concerns, and replications and 
redundancies in contents.

GenAI has been leveraged to foster project-based learning and en-
able innovative team collaboration among students [14]. Additionally, 
research shows that GenAI can aid the education of special needs learn-
ers [15]. However, concerns over its impact on educators, tasks as well 
as student academic achievement require attention [16]. Moreover, it is 
essential to uphold ethical standards for implementing GenAI in schools 
concerning issues around equity and confidentiality. In fostering an 
inclusive learning environment that addresses bias in assessment of 
learning outcomes in the era of GenAI, a recent study presents several 
approaches including self-regulated assessment strategy [17,18]. Ac-
cording to Xia and colleagues [17], self-assessment is a strong strategy 
that could support students’ learning outcomes, thereby allowing them 
to learn from the mistakes and errors of a learning task that was 
suggested by GenAI. In addition, another study by Shen et al.’s [19] 
reported that prompt engineering significantly improved ChatGPT’s 
performance when evaluated on data science assignments.

2.2. Programming education in the era of generative AI

One of the early studies on GenAI in programming education was 
conducted by Muller and colleagues [20] who delved into the inter-
section of human-centric themes with generative artificial intelligence, 
emphasizing the importance of comprehending collaboration patterns 
between AI systems and humans. They assert that there is a unique 
opportunity for GenAI systems to augment human efforts in teaching 
programming. Similarly, Prather et al. [2] demonstrated that recent ad-
vances in GenAI technology are revolutionizing computing and society 
at large. The researchers recommended utilizing LLM, which facilitates 
natural language production and comprehension along with source 
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code synthesis, paving the way for investigating possible applications 
of GenAI within computer classrooms [2].

In addition, Cambaz and Zhang [3] conducted a study to validate 
the notion that recent AI-driven code generation models can poten-
tially transform programming education. Their systematic review of 21 
papers found that AI code generators can be an assistive tool for learn-
ers and instructors if the risks are mitigated. Similarly, according to 
Kazemitabaar et al. [21], LLMs enable natural language programming 
that can perform code-to-code operations such as code completion, 
translation, and repair, in addition to language-to-code functions like 
code explanation. By harnessing the potential of GenAI in programming 
education, the way coding is taught and learned can be revolutionized. 
With AI-driven code generation, natural language programming, and 
collaborative learning, a more inclusive, and effective programming 
education can be created to prepare the next generation of coders for 
success.

Meanwhile, GenAI in computing education aligns closely with con-
structivist and cognitivist learning theories, offering mechanisms to 
scaffold knowledge construction and optimize cognitive processing. 
Constructivist principles are evident in the ability of GenAI to facilitate 
active and personalized learning through code generation, interactive 
problem solving (for example, debugging simulations), and collabora-
tive projects, enabling learners to build knowledge through hands-on 
experimentation and reflection [22–24].  For instance, tools such as 
ChatGPT foster critical thinking by prompting students to refine code 
iteratively [2,25–27]. Cognitively, GenAI can reduce extraneous cogni-
tive load by automating routine tasks (for example, syntax correction), 
allowing learners to focus on higher-order concepts such as algorithm 
design [28].

While existing research illuminates GenAI’s transformative poten-
tial in programming education, computing education spans diverse 
domains — from cybersecurity to human–computer interaction — each 
with distinct pedagogical needs and technical challenges that introduc-
tory programming frameworks may not generalize. A systematic review 
with broader scope is critical to uncover how GenAI’s role shifts across 
subfields.

This paper systematically reviews the evolving landscape, focusing 
on how GenAI intersects with CS topic domains, influences teaching 
and learning strategies, shapes learning outcomes (highlighting both 
advantages and drawbacks), and prompts critical reflections and future 
directions for the field. The conceptual diagram presented in Fig.  1 
visually synthesizes these multifaceted interactions. By mapping these 
relationships, the conceptual diagram underscores the rationale for 
this study, which is to provide a comprehensive, evidence-based un-
derstanding of GenAI’s role in computing education, ensuring that its 
adoption is guided by pedagogical best practices and a commitment 
to fostering inclusive, reflective, and forward-looking teaching and 
learning experiences.

3. Methodology

This study maps the existing knowledge from studies that explored 
GenAI tools in teaching and learning computing education in a formal 
educational context. The study’s goal is to uncover relevant knowledge 
from published articles regarding the experiences of educators who 
have used these new technologies in computing classes. A systematic 
literature review methodology guided by the Preferred Reporting Items 
for Systematic Reviews and Meta-Analysis (PRISMA) framework [29] 
was used in this study. As depicted in Figure 1, this study collected 
data from relevant sources and followed PRISMA guidelines to identify 
the data, screen for relevance, and analyzed those articles that met the 
inclusion criteria.
3 
3.1. Article identification process

The search strategy demonstrated in this study is systematic rather 
than exhaustive. First, the search for the article was targeted at four 
widely used databases for publishing and indexing computing educa-
tion studies. The databases include ACM Digital Library, Scopus, Web 
of Science, and IEEE Xplore. Next, we identified a list of keywords 
that could be used to query the databases for data collection. Each 
database provides means for customizing the search strings which differ 
from one another in terms of design but are somewhat similar in 
principle. The strategy used in search string combination was informed 
by past literature [2,30], carefully constructed the search strings using 
logical operators. For example in Scopus, the search strings combi-
nation with logical operators is (‘‘Large Language Model’’ OR ‘‘LLM’’ 
OR ‘‘GenAI’’ OR Generative Artificial Intelligence’’) AND (‘‘Computing 
Education’’ OR ‘‘Computer Science Education’’ OR ‘‘Programming Ed-
ucation’’). Although the authors are aware of possibilities of articles 
that are archived in open-source forums such as arXiv, which do 
not undergo peer reviewing process, however, we were deliberately 
interested in collecting articles that underwent rigorous process of peer-
reviewing and published in reputable outlets. The search condition did 
not include any restriction such as date range but rather allowed the 
algorithm to search the full text. The search was conducted on May 13 
2024 and the results returned from each database considered in this 
study are shown in Fig.  2.

3.2. Article screening

The total data collected from the databases were over 374 articles 
from which there were some duplicate data which were removed. 
Then, the authors designed a Google sheet to store articles that met 
the initial inclusion and exclusion criteria after skimming the title, 
abstract, and keywords of each article. The initial inclusion criteria 
were that the paper must be written in English language and published 
in either journal or conference proceedings. Table  1 presents the list 
of inclusion and exclusion criteria developed by the authors based 
on the focus of this study to guide the choice of relevant articles 
to be analyzed. During the first screening stage, three authors were 
assigned to populate only articles that met the initial criteria on the 
Google sheet created and shared among the authors. This initial data 
screening produced 106 data. At this point, the authors developed a 
list of outcome domains - following PRISMA guidance [29] - to guide 
data synthesis to address the research questions. For example, the list 
of domain outcomes based on this study objective includes article title, 
study aim, targeted audience, computing topic, educational context, GenAI 
tool, reported outcomes, publication venue, study methodology, and authors 
affiliation. This list formed the columns of the Google sheet created for 
data synthesis. Three authors divided the data among themselves to 
read the articles thoroughly and code them into the new Google sheet 
according to the domains (see publishedGooglesheet).

Each assigned author independently read the paper in more detail 
to decide whether the article discussed the use of or explored GenAI 
tools in computing education. If an article is deemed not relevant, the 
author would highlight it red so that the team can meet afterward to 
agree on the decision.

3.3. Data validity and eligibility

After the initial screening was completed, the three authors met 
again for intercoder reliability and validity. The meeting was held 
on Zoom and authors went through the data to specifically screen 
the data highlighted irrelevant and agreed on their eligibility. During 
this process, a few of the articles were reconsidered while some were 
removed upon agreement between the authors. This process also elim-
inates bias that may occur in the selection of articles that are included 
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Fig. 1. Conceptual diagram illustrating the interplay between GenAI and various facets of computing education reported in this study.
Table 1
Inclusion and exclusion criteria.
 Inclusion criteria Exclusion criteria  
 
Papers written in English language

Papers that are not written in English language 
but other languages such as Spanish, Russian, 
etc.

 

 Research articles published in journal or 
conference proceedings and are peer-reviewed

Paper classified as ‘‘proceeding’’, ‘‘keynote’’, 
‘‘panel’’, ‘‘News’’, which did not undergo 
peer-reviewing process.

 

 Papers that discusses LLM or AI models, tools, 
approaches, and designs to foster computer 
science education in formal setting

Papers that reported mere opinions and 
concerns about use of GenAI tools in 
programming and computer science education 
or failed to give expert perspective based on 
experience or experiment with or explored it in 
any form.

 

in the analysis. Consequently, 75 papers emerged as the total number 
of articles that satisfies the eligibility criteria.

Furthermore, we employed the concept of snowballing to find data 
that we may have missed out during the data selection stage. This 
process was mainly conducted by looking through the ‘‘related work’’ 
section and list of references of randomly selected articles that we 
deemed relevant to our study [2]. The snowballing process identified a 
number of articles, however, only three were relevant to our study and 
were included which resulted in 78 articles analyzed in this study.

4. Results

This section presents the study findings by first elucidating the 
characteristics of the data being synthesized before delving into ad-
dressing the research questions formulated for this study. The analysis 
of important characteristics of the data will provide context to the 
4 
overall findings. Thus, we present the annual article production, venues 
where the articles were published, and the corresponding author’s 
affiliation country.

The analysis depicted in Fig.  3 shows that there were four articles on 
GenAI for computing education published in 2022 [31–34]. Although 
OpenAI was launched in 2022, there may be more articles published 
in that year in venues such as arxiv.org which our study did not cover 
due to the lack of rigorous peer-review. These four articles could be 
considered to be among the first research that explored the use of 
GenAI in computing education. The corresponding authors in these 
early articles are from the United States, New Zealand, and Finland. 
Noticeably, two of the articles were presented at the 2022 International 
Computing Education Research (ICER) and published in the same year’s 
proceedings for the ACM conference on ICER. All the articles have been 
cited over 150 times as of the analysis of this study.

Furthermore, there was a rapid increase in publication regarding 
GenAI in computing education between 2023 and first quarter of the 
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Fig. 2. Data collection procedure following PRISMA guidelines.
year 2024. We found 36 articles published on this topic in 2023 and 
39 articles published in the first quarter of 2024 alone, respectively. 
This suggests that the growth rate of publication in 2024 regarding the 
exploration of GenAI tools in computing education is projected to be 
about five times higher than the previous year.

Regarding the venues where the articles reviewed in this study are 
published, the analysis in Table  2 shows that only 7 (i.e. 9%) of the 
articles were published in journal outlets while 72 (i.e., 91%) of the 
articles were published in conference proceedings. This typically shows 
that many of the articles have been discussed at scholarly forums which 
could spark educators’ curiosity and interest to delve into exploring the 
use of the GenAI in computing education.

RQ1: How have GenAI tools been used for teaching and learning 
in computer science education?

As explained above, we attempted to provide answers to the first 
research question by addressing a list of sub-questions.

Which educational level context are the studies on GenAI in computing 
education targeted at?

First, we analyzed the educational context studies on GenAI in 
computing education were targeted at and found that most studies 
(91%) are exploring GenAI tools for computing education at the under-
graduate level (i.e., colleges and universities) compared to K-12 (6%) or 
other graduate (3%) settings. However, we found a paper that explored 
both graduate and undergraduate settings (Vaithilingam et al. 2022).

What topics in computing education are being taught using GenAI?
5 
Fig. 3. Articles introducing GenAI tools in computing education published between 
2022 and first quarter of 2024.
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Table 2
Popular Venues publishing research on GenAI in computing education.
 Venues Frequency 
 Applied Sciences (Switzerland) 1  
 IEEE Access 1  
 IEEE Transactions on Learning Technologies 1  
 International Journal of Engineering Pedagogy 1  
 Journal of Computing Sciences in Colleges 1  
 Journal of Information Processing 1  
 Mathematics 1  
 International Conference on Intelligent User Interfaces 1  
 IEEE Symposium on Visual Languages and Human-Centric Computing, VL/HCC 1  
 Asia Service Sciences and Software Engineering Conference 1  
 International Conference on e-Society, e-Learning and e-Technologies 1  
 United Kingdom and Ireland Computing Education Research 1  
 Annual Conference on Information Technology Education 1  
 ACM International Conference on Design of Communication 1  
 International Conference on Software Engineering: Software Engineering Education and Training 1  
 European Conference on Software Engineering Education 1  
 Conference on Computing Education Practice 1  
 International Conference on Intelligent User Interfaces 1  
 International Conference on Computer Supported Education, CSEDU 2  
 Learning Analytics and Knowledge Conference 2  
 Annual ACM India Compute Conference 2  
 The AAAI Conference on Artificial Intelligence 2  
 ACM Conference on Global Computing Education 2  
 Brazilian Symposium on Human Factors in Computing Systems 2  
 Frontiers in Education Conference, FIE 3  
 Koli Calling International Conference on Computing Education Research 3  
 Conference on Innovation and Technology in Computer Science Education, ITiCSE 4  
 ACM Conference on International Computing Education Research, ICER 5  
 Conference on Human Factors in Computing Systems, CHI 6  
 Australasian Computing Education Conference 8  
 ACM Technical Symposium on Computer Science Education, SIGCSE 19  
Table 3
Country affiliation of corresponding authors publishing articles on GenAI in computing 
education.
 Country of corresponding author Number of articles 
 Australia 2  
 Austria 1  
 Bangladesh 1  
 Brazil 2  
 Canada 2  
 Czech Republic 1  
 Finland 3  
 Germany 2  
 India 5  
 Iran 1  
 Ireland 2  
 Japan 3  
 New Zealand 6  
 Portugal 1  
 Republic of Korea 1  
 Saudi Arabia 1  
 Spain 1  
 Sweden 2  
 The Netherlands 1  
 United Kingdom 1  
 United States 38  

Regarding the topics in computing education scholars are exploring 
using GenAI, this study reveals that educators first began investigating 
how LLM models such as ChatGPT could generate codes to address 
programming problems and examined its performance against students’ 
solution. Hence the domain of programming education witnessed the 
early attempts by educators to integrate GenAI. As shown in Table 
4, a significant number of articles (n=28) clearly indicated the use of 
GenAI tools in teaching and learning of programming, particularly in 
the introductory programming class. Furthermore, this study found that 
a significant number of educators are also exploring GenAI tools to 
solve computer science questions in general. Although these questions 
could be programming related, they were also broadly applied. For 
6 
Table 4
Topics in computing education where GenAI is being explored.
 Computing education topics Frequency of occurrence 
 Computer Graphics 1  
 Computing education 33  
 Data Structures and Algorithms 1  
 Data science education 2  
 Human–computer Interaction 2  
 Object-oriented programming 1  
 Programming education (Introductory programming) 34  
 Software development 1  
 Software Engineering 1  
 User Experience design and Web Development 1  
 Web software development 1  

example, Joshi et al. [35] conducted a study to examine the strengths 
and weaknesses associated with the utilization of ChatGPT as an edu-
cational tool to solve examination questions from core undergraduate 
computer science subjects including Data Structures and Algorithms 
(DSA), Operating Systems (OS), and Database Management Systems 
(DBMS). It is interesting to note that a few articles also explored the 
use of GenAI in topics such as human–computer interaction [23,36] 
and data science education [14,19].

This finding suggests that there are emerging studies that showcases 
the integration of GenAI into higher level computing education classes 
such as software engineering and development [37], Users Experience 
(UX) design [38], and computer graphics [39,40].

This study also found that educators (teachers) are mostly exploring 
the use of GenAI in computing education (as shown in Fig.  4) for several 
reasons. For example, some teachers are trying out their prior examina-
tion questions on programming or other computing topics with GenAI 
tools to evaluate how they perform compared to students [39,41]. In 
addition, some educators are integrating LLM models into an existing 
system such as learning management systems to facilitate teaching and 
learning of computing topics. For example, Jin et al. [42] integrated 
an LLM model into a chatbot to teach algorithm design. On the other 
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Fig. 4. Main categories of users exploring GenAI in computing education.
hand, some educators investigate the performance of GenAI by allowing 
students to use them directly. For example, Bhalerao [43] reported on 
the experience of guiding the students to use ChatGPT and GitHub 
copilot to learn programming. The author found that the students 
reported higher understanding of concepts and managed to recover 
from error with the help of these GenAI.

Where are the authors using GenAI in computing education?
The study analysis also shows that 49.4% of the articles reviewed in 

this study have their corresponding author’s affiliation from the United 
States. Other popular countries where authors are exploring GenAI in 
computing education include New Zealand (7.6%), India (6.3%), and 
Finland and Japan (3.8%), respectively. Similarly, there are emerging 
studies from Australia, Brazil, Canada, Germany, Ireland, and Sweden 
(2.5%), respectively. Table  3 shows a few other countries such as the 
United Kingdom, Saudi Arabia, and more with at least one article 
emanating from those countries.

Teachers mostly use GenAI to facilitate the development of teaching 
resources, design automation of assessment processes, and to develop 
learning support for learners in the form of teaching assistants. On the 
other hand, the students are mostly guided by teachers to engage with 
the tools for learning purposes rather than self-regulated learning.

Which GenAI tools are being explored to foster computing education?
This study investigated the articles to uncover which GenAI tools are 

used to foster computing education and found dozens of tools reported 
in the literature. We also delved into analyzing the performance of 
these tools in the light of reoccurring terms found in the selected 
articles [3]. Table  5 presents the list of GenAI tools, the number of 
articles that reported to have explored them, and the performances. 
As the results reveal, ChatGPT (n=50) is the most popular GenAI tool 
used in computing education. ChatGPT-3.5 and ChatGPT-4.0 are the 
most reported versions of the tools. These two versions of GenAI have 
been generally reported to perform well on code generation, however, 
ChatGPT-4.0 performs better than ChatGPT-3.5. Obviously, this is due 
to the advancement OpenAI (developers of ChatGPT) have made to the 
model between 2022 and early 2024. The advancement has also caused 
the LLM tool to gain improved accuracy and better personalization of 
responses being generated by the tool.

Besides ChatGPT, other popular LLM tools used to support teaching 
and learning of computing education include Codex, GitHub Copilot, 
and OpenAI’s text-davinci-003. Furthermore, there were a couple of 
studies that utilized a combination of these tools. For example, ChatGPT 
plus GitHub copilot [43], ChatGPT + Codex [44], and CS50 Duck 
and ChatGPT-4 [45]. Interestingly, there are studies that integrate the 
popular LLM model with other independent solutions. For example, 
Kuramitsu et al. [46] integrated ChatGPt into Jupyter notebook applica-
tion to develop a GenAI tool called KOGI that allows students to prompt 
7 
the tool with codes with errors in order to receive help on how to fix 
them.

What methodological approaches are used in exploring GenAI for com-
puting education?

This study found that most studies (n=23) reported to have used 
experimental design as the methodological approach for exploring 
GenAI in computing education. This finding is not surprising owing 
to the fact that the use of GenAI is a new phenomenon since OpenAI 
recently launched their first LLM in 2022. Other popular methodologies 
as shown in Fig.  5 include mixed method and exploratory design.

It makes sense to apply a mixed method or exploratory design 
to examine a new paradigm engendered by artificial intelligence in 
educational context to unravel hidden knowledge regarding how it 
should be used, and unveil what works and what does not work.

What are the characteristics of the sample size reported in articles that 
demonstrate GenAI in computing education?

Most of the articles reviewed in this study are empirical research 
that reported findings in some forms. Thus, we analyzed the sample 
sizes reported in the articles to gain a deeper understanding of the 
demographics of the population.

It is worthy to note that some of the studies utilized samples other 
than human populations in conducting their experiment. While some 
studies used sample questions and problem sets from a programming 
class to conduct their experiments with GenAI tools, others used both 
human and generated texts, thus having huge sample sizes as seen in 
Fig.  6. For example, MacNeil et al. [28] conducted a study with 964 stu-
dents to collect 2980 data responses used to examine the performance 
of GPT-3 and GPT-4 regarding their capabilities in detecting logic error 
in C programming language and providing friendly explanations to 
novices.

RQ2: What are the pros and cons of integrating GenAI tools in 
computing education as reported in the articles?

The second research question tries to examine the potential benefits 
and challenges of using GenAI in computing education as reported 
in the articles. Table  6 presents a list of potential gains reported 
by the researchers for using GenAI in computing education. Most of 
the studies reported that the use of GenAI tools helps the students 
to achieve a better learning experience in terms of personalizing the 
support they receive. For example, the students could better understand 
programming error messages as they prompt an LLM tool based on 
its previous response to a task. In addition, the students could obtain 
immediate feedback from a GenAI tool as compared to the time it takes 
them to access help from the instructor or course assistant. A number 
of studies reported that GenAI tools are capable of identifying errors in 
codes and provide useful suggestions on how to fix them.

On the teachers’ part, the use of GenAI tools has helped them to 
prepare their teaching and learning resources for computing education, 
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Table 5
GenAI tools and performance based on indicators reported in the articles.
 GenAI tool (Occurrence) Code generation Personalized 

Feedback
Improved 
accuracy

Code 
interpretation

Error identification Remark  

 
ChatGPT-3/ChatGPT-4 (50)

xx xx xx x x Good at program tracing; limited in 
manipulating images, shapes and files; 
verbose; hallucination

 

 Codex (7) xx x – – Good at solving Parson problems; 
require prompt engineering skill; limited 
in manipulating complex domain 
problems

 

 GitHub Copilot (3) xx x xx Code generated may be formatted poorly 
 OpenAI’s text-davinci-003 
(3)

x – Good at program tracing; limited in 
manipulating images, shapes and files; 
verbose; hallucination

 

 Piazza forum and GPT-4 
(1)

x x Limited in manipulating complex 
problems

 

 SQL Query LLM (1) x x  
 WorkedGen (1) x x x  
 KOGI and GPT-4 (1) x  
 KOGI, ChatGPT + Jupyter 
(1)

x x x x  

 OpenAI’s GPT-3.5 Turbo 
(1)

x x – – x Formative rather than summative 
feedback

 

 CS50 Duck and GPT-4 (1) x x  
 Code-davinci-002 (1) x x Require prompting engineering skill  
 ChatGPT and Codex (2) x x x Poor code formatting  
 ChatGPT and Github 
Copilot (2)

x x x x Formative rather than summative 
feedback

 

 AlgoBo LLM chatbot (1) x x  
 AskGPT (1) x Limited in manipulating complex 

problems, require prompt engineering 
skill

 

 Bard and GPT-4 (1) x x Hallucination/Fabulation and Occasional 
refusal

 

Note the performance keys: Above average (xx); Average (x); Below average (-)
Fig. 5. Methodology.
which typically saves them more time to contextualize and refine the 
content. For example, there are studies that used ChaptGPT to generate 
multiple choice questions for an introductory programming class [66,
77]. In addition, the analysis shows that teachers are exploring how to 
use GenAI for automated assessment of programming questions [77], 
as teaching assistant [67], and in engaging with students to brain-
storm and ideate conceptual designs [38]. With GenAI tools, one can 
generate codes that address a programming problem using multiple 
programming languages, which could enhance the mastery of other 
programming languages.
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Furthermore, we examined the articles to uncover issues reported by 
scholars regarding the use of GenAI in computing education as shown in 
Table  7. We categorized these issues into ‘mild’ and ‘severe’ depending 
on how the issues were reported. The authors considered an issue mild 
if it was not reported to negatively significantly impact the performance 
of the GenAI tool based on the objective of the study. On the other 
hand, we consider an issue severe if there is indication that it caused a 
negative significant impact on what is being investigated in the study. 
For example, a study that investigated GenAI’s capability of generating 
accurate and timely response and found that it could support formative 
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Fig. 6. Sample sizes.
Table 6
Potential benefits of GenAI in computing education reported in the literature.
 The pros reported in the articles Occurrences Articles  
 Personalized learning experience 14 [16,19,22,43,45,47–54] 
 Code generation 12 [19,21,55–60]  
 Personalized feedback 7 [28,45,47,56,61–63]  
 Enhanced error messages 7 [28,46,61,64,65]  
 Developing useful teaching and learning resources 6 [36,54,66,67]  
 Clear error identification and fix suggestions 5 [28,64,68]  
 Personalized code explanation 5 [31,51,59,64,69]  
 Timely code support 4 [56,68,70]  
 Brainstorming and ideation 3 [38,56]  
 Better performance (GPT-4) 3 [42,55,71]  
 Automated assessment 3 [23,61,72]  
 Code debugging 1 [56]  
 Content creation 1 [56]  
 Engagements within problem context 1 [68]  
 Good Persona design and training 1 [36]  
 Improved accuracy 1 [73]  
 Good at solving Parson problems 1 [74]  
 Code interpretation 1 [70]  
 Timely teaching assistance 1 [67]  
 Multilingual programming 1 [75]  
 GenAI-human pair programming 1 [76]  
feedback instead of summative, was deemed mild [78]. Similarly, if 
a study investigates GenAI’s ability to review learner source code to 
identify errors and found that the tool could not significantly achieve 
that aim, it was deemed to be severe [79].

This categorization is helpful in understanding the nuances sur-
rounding the integration of GenAI in computing classes so that edu-
cators can create innovative ways to achieve optimal solutions void of 
already reported issues. In general, the issue with prompt engineering 
was commonly reported among the articles as the LLM can only act 
on the input (descriptive text) given to it. If the user did not provide 
a coherent prompt, the LLM tool may not be able to generate an 
accurate response. Therefore prompt engineering is a requisite skill that 
users must have in order to maximize the benefits of GenAI tools in 
computing.

5. Discussion

In the light of the growing initiative to integrate GenAI tools into 
teaching and learning across educational levels, especially within the 
context of computing education, it is imperative to aggregate the exist-
ing research efforts for effective integration of GenAI into computing 
education and identify future research gaps. Unlike previous reviews 
that specifically focused on GenAI in programming education [2,13], 
this study investigates a wider scope of computing education to address 
two main research questions regarding how GenAI tools have been used 
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to teach and learn in computer science education and what the pros and 
cons of integrating GenAI tools in computing education are. We then 
reflect on the result of the review for each of the two research questions 
guiding this study.

5.1. Exploring GenAI tools in computer science education

To understand how GenAI tools have been used in computing 
education, we explored educational level with which the studies are 
targeted, the topics in computing that were taught using the tools, the 
educational stakeholders using tools, the GenAI tools that were used, 
the methodological strategies used in exploring GenAI as well as the 
characteristics of the sample sizes in the selected articles.

GenAI’s Impact on Teaching Practices and Curriculum Design
The systematic review highlights that educators are actively ex-

ploring GenAI tools such as ChatGPT-3/4 to innovate pedagogical 
strategies, particularly in introductory programming and guided learn-
ing interventions [2,3]. Although these tools are increasingly integrated 
into undergraduate curricula, their application in specialized comput-
ing domains (e.g., human–computer interaction, software engineering, 
and data science) remains underexplored [23,38]. Teachers predom-
inantly adopt experimental or mixed methods to assess the efficacy 
of GenAI, although more in-depth investigations of its utility across 
diverse computing topics are critical to inform curriculum design [39,
40].
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Table 7
Issues reported in the articles utilizing GenAI in computing education.
  Mild issues reported (No of occurrence) Articles Severe issues reported (No of occurrence) Articles  
 Formative rather than summative feedback (1) [78] Inability to review codes (1) [79]  
 Limited in code error explanation (1) [65] Limited collaborations (1) [76]  
 Performance not generalizable in all languages (1)[75] Limited in object-oriented design (1) [70]  
 Inclusion among diverse demographics (2) [75,78] Perceived lack of programming fundamentals (1) [80]  
 Needs instructor’s supervision (2) [68,77] Poor in code generation for UX design (1) [38]  
 Setting rules for students’ engagement (2) [43,53] Poor output formatting (1) [44]  
 Limited accuracy and performance (4) [35,55,65,71]Reliability concern (1) [56]  
 Impacted with prompt engineering (4) [73,74,81] Repetition (1) [36]  
 Self-sabotage (1) [35]  
 Concern on suitability for novices (1) [38]  
 Bias, fairness, inclusion, and diversity concern (1) [78]  
 Ethical use (2) [68,78]  
 Lacks understanding of complex problems (2) [57,67,82]  
 Verbose (2) [23,36]  
 Poor code generation for file handling and 

complex problems (3)
[33,57,67]  

 Domain concept understanding (3) [40,83,84]  
 Inconsistency in feedback generation (3) [78,85]  
 Limits learners’ critical thinking (3) [39,80]  
 Occasionally generates incomplete or broken codes 

(3)
[59,70]  

 Accuracy concern (4) [49,56,68,86]  
 Hallucinations/ Confabulation (4) [85,87]  
 Incorrect error explanations or suggestion for fix 

(4)
[65,86]  

 Perceived fear of over-reliance by learners (4) [33,35,40,80]  
 Occasional refusal - (some test cases) (6) [19,39,49,82,87,88]  
 Prompt engineering skills required (9) [19,36,54,55,81,82,84,89] 
GenAI’s Role in Student Learning Dynamics
Students engage primarily with GenAI through teacher-guided prac-

tices, with limited evidence of its effectiveness in fostering
self-regulated learning [25]. While GenAI demonstrates potential to en-
hance engagement in programming education, its use in non-traditional 
settings (e.g., K-12, adult education, and non-formal environments) is 
significantly understudied [22]. Furthermore, research disproportion-
ately focuses on undergraduate cohorts, leaving gaps in understanding 
how tools like GPT-4 or domain-specific platforms (e.g., [46]) support 
learners at other educational stages.

Institutional Adoption and Research Methodologies
Institutions face challenges in scaling GenAI integration, as most 

studies are based on small sample sizes (1 to 100 participants) and 
short-term interventions [28]. While experimental and mixed-method 
designs dominate current research, longitudinal studies are needed to 
evaluate sustained impacts on learning outcomes. The predominance 
of ChatGPT underscores a lack of comparative analyses with newer or 
specialized tools, limiting insights into their pedagogical affordances. 
Institutions must prioritize large-scale trials and cross-topic investiga-
tions to address ethical, equity, and efficacy concerns in computing 
education.

To advance GenAI’s responsible adoption, collaborative efforts
among educators, students and institutions should focus on (i) develop-
ing frameworks for the deployment of ethical tools in various comput-
ing domains; (ii) expanding research in K-12 and non-formal learning 
contexts; (iii) comparing GPT variants and domain-specific tools (for 
example, [45]) to identify optimal use cases; and (iv) addressing 
infrastructure and training gaps to support equitable access.

GenAI as a Pedagogical Catalyst: Bridging Theory and Practice
The findings in this study underscore GenAI’s alignment with con-

structivist and cognitivist principles, bridging theoretical foundations 
with practical applications. By enabling iterative problem-solving (for 
example, code refinement using ChatGPT), GenAI tools fosters learner 
autonomy while reducing cognitive load through syntax automation 
[2,28]. However, over-reliance on GenAI may inadvertently marginal-
ize social constructivist elements, a tension noted in studies priori-
tizing tool-driven guidance over collaborative learning [3,23]. These 
insights advocate for balanced integration, where GenAI complements 
rather than replaces—theories emphasizing social interaction and meta-
cognitive growth.
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5.2. The pros and cons of integrating GenAI tools in computing education

Here, we reflect on the findings about the potential benefits and 
challenges of using GenAI in computing education as reported in the 
selected articles. With respect to the potential benefits, 21 different 
learning gains were identified as shown in Table  6. Of all these learning 
gains, personalized learning experience emerged as the most prevalent 
benefit of GenAI for computing education in the studies. This finding is 
consistent with the study of Mosaiyebzadeh et al. [90] that explored the 
role of ChatGPT in education. In line with previous research on GenAI 
in computing education [2,13], code generation is a prominent activity 
that GenAI has been helpful in achieving in computing education. 
In addition, the chatbot application has been effective in improving 
students’ performance in debugging through enhanced programming 
error messages. These findings are in line with earlier report that 
indicates programming education as the prevalent topic in computing 
that has been explored using GenAI [3].

The emergence of GenAI was accompanied with concerns about 
academic integrity [4] among other issues which still persist today. We 
classified the issues uncovered in the papers into two categories which 
we tagged mild and severe issues based on how they were reported. 
We identified 8 mild issues and 25 severe issues. As indicated earlier, 
the issues are considered mild if it does not negatively affect GenAI 
tool performance based on a study’s objective and the issue is deemed 
severe if there is evidence that the tool caused a significant impact 
negatively on the subject under investigation. Most of the mild issues 
reported borders on limited accuracy and performance and issues with 
prompt engineering which are interrelated. Similarly, the requirement 
of prompt engineering skills top the list of the severe issues raised in 
the studies. This finding highlights the need to explore prompt engi-
neering as a strategy to learn or resolve errors in programming. While 
studies such as Denny et al. [81] have begun to explore the efficacy 
of prompt engineering for Copilot in an introductory programming 
context, more work is required to examine its pedagogical value for 
learning computing using GenAI.
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5.3. Study limitation

This study is not without limitations as common in review stud-
ies [3,30]. First, this study does not claim to be exhaustive but sys-
tematic. The research domain is still new and maturing, thus, it is 
possible to have left out several data in the process of data collection 
which limits the generalizability of the findings. Moreover, this study 
set out several exclusion criteria that may have introduced bias. For 
example, this study excluded articles that are not written in English 
language. Since GenAI is driven by LLM with multilingual capabilities, 
we imagine articles in diverse languages aside from English exists. 
In addition, we also excluded articles that were not peer-reviewed in 
order to report based on scientific evidence. Despite these limitations, 
this study provides an opportunity for future studies by validating the 
findings in this study through empirical studies.

6. Conclusions and future work

This paper investigates the use of GenAI in computing education 
research through the lens of a systematic literature review and con-
tributes to understanding the landscape, including describing how 
GenAI tools have been used and its pros and cons. The aggregate of 
the 78 articles present the latest insight into how stakeholders have 
been exploring new tools engendered by GenAI in computing education 
domain.

Following the findings from this study, it will be important to 
provide perspective for future research focusing on addressing the 
challenges found and complementing the potential benefits of GenAI in 
computing education. Thus, we suggest the following for future work 
to further research agenda on GenAI for computing education:

1. In helping teachers to automate grading, GenAI has been found 
useful. Previous research has alluded to how cumbersome it 
is to scale grading for a large programming class [91]. Future 
study should explore computer science curriculum design with 
emphases on assessment of learning outcomes in the era of 
GenAI. This could foster computing education at scale where 
there is resource constraint.

2. Issues related to hallucination/confabulation still persists and 
more research could help guide future advancements.

3. Developing an instructional guide for using GenAI tools in com-
puter science classroom should be a paramount future agenda. 
This will help in maintaining ethical use of GenAI tools by 
students and could mitigate the fear of over-reliance.

4. Both teachers and students require the skill of prompt engineer-
ing to meaningfully engage GenAI tools for productive teaching 
and learning outcomes. This skill is also required to reduce the 
‘‘refusal‘‘ problem where the GenAI tool could not perform to a 
tasks or could not provide a response.

5. Broadening participation through the use of GenAI in computing 
education should be paramount. For instance, our search did not 
return papers reporting data from an Africa country or persons 
with disabilities.

6. To further prepare students for industry-aligned expertise where 
AI literacy is required, there is need to encourage the use of 
GenAI across subfields of computing education curricula, and at 
various levels. This effort will provide strong evidence based on 
literature in future reviews on GenAI in computing education.

As an evolving field, GenAI in education continues to generate 
interest. Within the computing education community, we envisage that 
this trend will continue. While this study reports on current scientific 
evidence, more effort is needed to shape the future of computing 
education to prepare students with relevant skills for future work.

This systematic review’s findings underscore GenAI’s evolving role 
across computing education disciplines, revealing domain-specific ped-
agogical needs, ethical consideration, integration challenges, and risks 
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tied to impeding learning process or outcomes due to overreliance. 
By synthesizing evidence across subfields, the study equips computing 
educators with methodologies to design curricula that balance AI-
assisted efficiency with the preservation of core competencies such 
as critical thinking, system design, and ethical reasoning. These in-
sights empower stakeholders to adopt nuanced strategies that leverage 
GenAI’s capabilities while safeguarding discipline-specific rigor, en-
suring students develop adaptable, industry-aligned expertise in an 
AI-augmented professional landscape.
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