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Abstract
Large language models (LLMs) are becoming increasingly better at
a wide range of Natural Language Processing tasks (NLP), such as
text generation and understanding. Recently, these models have ex-
tended their capabilities to coding tasks, bridging the gap between
natural languages (NL) and programming languages (PL). Founda-
tional models such as the Generative Pre-trained Transformer (GPT)
and LLaMA series have set strong baseline performances in various
NL and PL tasks. Additionally, several models have been fine-tuned
specifically for code generation, showing significant improvements
in code-related applications. Both foundational and fine-tuned mod-
els are increasingly used in education, helping students write, debug,
and understand code.We present a comprehensive systematic litera-
ture review to examine the impact of LLMs in computer science and
computer engineering education. We analyze their effectiveness in
enhancing the learning experience, supporting personalized educa-
tion, and aiding educators in curriculum development. We address
five research questions to uncover insights into how LLMs con-
tribute to educational outcomes, identify challenges, and suggest
directions for future research.

CCS Concepts
• Applied computing → Education; • Computing methodolo-
gies → Natural language processing; Natural language process-
ing.
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1 Introduction
Recent advances in Generative AI and LLMs, exemplified by GitHub
Copilot [1] and ChatGPT [2], highlight their promising ability to
address complex problems with human-like expertise. These ad-
vancements have a significant impact on education, where students
may either benefit from or misuse these tools, compromising the
integrity and quality of education [3]. This issue is particularly
important in introductory Computer Science (CS) courses, which
are directly affected by the capabilities of LLMs [4].

The ability of LLMs to efficiently handle programming tasks
allows them to successfully complete assignments typically given in
beginner courses, making them highly attractive to students seeking
effortless solutions. Researchers have been examining the role of
LLMs in CS education, focusing on how these models perform with
current datasets and past assignments [5]. Identifying the use of
AI tools in student work is another area of interest [6]. However,
current methods, including plagiarism detection software, often
fail to deliver reliable performance when handling output from a
recently introduced LLM [7].

Tools powered by LLMs offer interesting opportunities to im-
prove CS education [8].When used responsibly and in the right way,
they can be helpful for learning by providing students with quick
feedback on coding assignments and creating different code exam-
ples to make programming concepts clearer [9]. Furthermore, as
Generative AI tools become more common in real-world jobs [10],
it is important to teach students about these tools in CS classes.
This ensures that students are well-prepared for careers where such
tools are widely used.

With students already adopting these tools [11], we do not yet
fully understand their impact on learning. Due to the many chal-
lenges and benefits these technologies bring, understanding the
impact of LLMs in CS education is paramount to improving areas
such as curriculum design and assessment. While recent surveys
and literature reviews have been published on different topics re-
lated to LLMs, such as their use in programming exercise generation
[12], implications to security and privacy [13], and software de-
velopment [14], to the best of our knowledge, no comprehensive
survey has been published on the impact of LLMs in CS education.
A couple of surveys published on related educational topics are
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the one by Vierhauser et al. (2024) [15] that focuses on software
engineering education and the one by Cambaz et al. (2024) [16] that
focuses on programming alone.

In this paper, we fill this important gap in the literature by pre-
senting the first comprehensive systematic literature review (SLR)
investigating the impact of LLMs on CS education. We address five
carefully crafted research questions (RQs) to understand how these
models influence educational outcomes, pinpoint challenges, and
suggest future research directions. Following Kitchenham and Char-
ters (2007) guidelines [17] for conducting SLR, we use a thorough
search strategy across multiple databases, applying strict inclusion
and exclusion criteria to ensure the studies selected are relevant
and of high quality. Our results reveal the transformative impact
of LLMs in CS educational practices. To enable reproducibility, our
scripts and data are available in a GitHub repository1.

2 Methodology
To conduct this SLR, we follow the aforementioned guidelines [17]
that suggest three main steps: planning the literature review, con-
ducting the literature review, and reporting the results. During the
planning phase, we set five clear RQs and create a detailed plan for
our SLR. In the conducting phase, we search for relevant studies
and select them based on specific criteria. Finally, in the reporting
phase, we organize and present our findings in this paper.

2.1 Research Questions
The five RQs addressed in this SLR to understand the use and impact
of LLMs in CS education are the following:
RQ1: What are the educational levels inwhich LLMs are used?

In this RQ, we examine the education stages (e.g., undergraduate
level, graduate level, etc.), in which LLMs are integrated. This ex-
amination aims to identify the most effective stages for introducing
and integrating these models, enhancing learning outcomes, and
guiding future educational practices.
RQ2: What are the sub-disciplines of CS that are the focus of

the studied papers?
We investigate what are the specific sub-disciplines (e.g., CS1,

software testing, etc.) that were the target of the studied works.2
This RQ aims to identify areas needing further research.
RQ3: What research methodologies are mostly used in the

papers?
We explore the research methodologies, such as experimental

designs and data analysis techniques, employed in the selected
papers. This RQ aims to understand the field’s research practices
and standards with respect to this ML-based technology.
RQ4: What are the most commonly used programming lan-

guages (PLs) in studies involving LLMs?
In this RQ, we examine the programming languages that are the

focus of the paper. Identifying the frequently targeted languages
helps reveal trends and gaps in educational research and practice.
RQ5: Which large language models (LLMs) are employed in

these studies?

1https://github.com/s2e-lab/llm-education-survey
2As described in Section 2.2, we consider some sub-disciplines that are commonly
within the scope of computer engineering along with CS sub-disciplines. The acronym
used throughout the paper is CS.

In this RQ, we study the LLMs most widely used in research pa-
pers. Cataloging the specific LLMs used provides insights into the
diversity and rationale for model selection.

2.2 Search Method
To answer our RQs, we use the search query below to retrieve all
primary works related to LLMs for CS education:

("software engineering" OR "programming" OR "software

development" OR "computer science" OR "computer

engineering") AND ("education" OR "teaching") AND ("LLM" OR

"large language model")

We apply this query to the following library databases 3: the
ACM Digital Library, IEEE Xplore, Scopus, the ACL Anthology, ISI
Web of Science, Springer Link, Science@Direct, and ArXiv. This
search query results in a total of 1,735 papers.

2.3 Inclusion and Exclusion Criteria
We vet the papers to exclude those that do not meet our inclusion
criteria or that meet our exclusion criteria. Our criteria, shown in
Table 1, ensure the relevance and quality of the selected works.

Table 1: Inclusion and Exclusion criteria to Select Papers

Inclusion Criteria Exclusion Criteria

I1 Full papers (i.e., at least 4 full
pages of text, excluding references).
I2Written in English.
I3 Focus on or investigate the use
of code LLMs to teach computing
concepts.
I4Written between January 2019 -
June 2024.

E1 Duplicated studies
E2 Not written in English.
E3 Abstracts, posters, or extended
abstracts with less than 4 full pages
of text.
E4: Survey and Systematic Litera-
ture Reviews (SLRs).

We begin with a total of 1,735 primary studies. First, we removed
duplicated studies and papers not published within the past 5 years,
obtaining a total of 1,423 papers. Subsequently, we inspect each
paper’s title, keywords, number of pages, and abstract to determine
their relevance based on our inclusion and exclusion criteria. This
screening process reduces the number of papers to 187. Finally, we
apply the same criteria to the full text of these papers, leaving us
with 125 papers included in this literature review.

2.4 Data Extraction
As we reviewed the papers, we extracted the key information we
were looking for to answer our RQs: the educational level, the CS
discipline, and programming languages that were the focus of the
paper as well as the LLMs and research methodologies that were
employed. This data was extracted by two of the authors and peer-
reviewed by the senior author.

3 Results
Upon carefully reviewing the 125 selected papers, we conducted a
high-level analysis addressing the RQs presented in Section 2.1.
3portal.acm.org. IEEE Xplore: ieeexplore.ieee.org. Scopus: scopus.com. ACL: aclanthol-
ogy.org. Web of Science: isiknowledge.com. Springer: link.springer.com. Science@Direct:
sciencedirect.com. ArXiv: arxiv.org.

https://github.com/s2e-lab/llm-education-survey
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3.1 RQ1: Educational Levels
As shown in Figure 1, 111 of the studied papers focus on undergraduate-
level CS courses [1, 6, 9, 11, 18–124]. While 15 works explored ad-
vanced courses typically taught at the graduate level [21, 28, 30,
39, 52, 89, 92, 111, 114, 125–130], only 4 papers include PhD-level
courses [21, 30, 92, 127], and just 2 papers addressed K-12 education
[131, 132]. There was one work [133] that examined how ChatGPT
is used as a means for training employees in a software engineering
workplace (professional context).

Figure 1: Educational Levels where LLMs are used.

This strong focus on undergraduate level is primarily due to the
limited presence of CS courses at lower educational levels (K-12)
and the current limitations of most LLMs in handling higher-level
content [120, 128]. Although newer models like GPT-4 have shown
promising results for some graduate courses [39, 90], many earlier
studies [100, 128] did not have the chance to test these capabilities.
Even in more recent works, GPT-4 is sometimes excluded due to
its cost or other practical issues [99].

RQ1 Results: Over 80% of the papers focused on undergraduate-
level CS education. Further studies are needed to assess the ef-
fectiveness and helpfulness of LLMs for graduate students and
professionals undergoing CS training.

3.2 RQ2: CS Sub-disciplines
As shown in Table 2, over half of the 125 observed studies focus on
introduction to programming, predominantly in Python and occa-
sionally in Java. This emphasis is expected, given that CS students
frequently use LLMs for code generation [30]. The emphasis on in-
troductory programming arises from Python’s widespread adoption
as the first language in many CS curricula and Java’s significant
role in teaching object-oriented programming principles.

There were 19 works that focused on introductory CS concepts,
featuring Q&As and multiple-choice questions related to basic com-
puter science topics [48, 119, 124]. These studies not only assess
LLM-generated code, solutions, and feedback but also explore the
generation of tasks, assignments, and questions [9, 136]. More ad-
vanced courses, such as Data Science, present mixed findings re-
garding the effectiveness of LLMs; some studies claim that LLMs
perform well [125], while others disagree [114, 130].

Due to space constraints, disciplines with less than 3 papers are
aggregated as “Others” in Table 2. These other advanced topics were
Distributed Systems [21, 69], Operating Systems [19, 69], Computer
Networks [69], Numerical Analysis [69], Interactive Systems [69],
Real-Time Systems [69],Concurrent, Parallel and Distributed Comput-
ing [126], Software Testing [128], Information Technology [50], Com-
puter Graphics [43],Human-computer Interaction [46],Databases [91],
Automata Theory and Formal Languages [83], Bioinformatics [90],
Software Security [74], and Data Visualization [65].

Table 2: CS Disciplines Explored by the Studied Papers.

CS Discipline Total References

Introduction to Programming 65 [1, 11, 18–20, 22–27, 29, 31, 34, 36–
38, 40, 41, 44, 45, 51, 53, 55, 57–
64, 67, 68, 70, 72, 73, 77–80, 82, 84–
86, 88, 93, 95, 100–108, 112, 116, 117,
121, 123, 132, 134, 135]

Introduction to CS 19 [1, 11, 37, 38, 48, 49, 58, 82, 86, 87,
102, 104, 105, 109, 113, 115, 118–
120]

Data Science 9 [47, 69, 71, 76, 114, 120, 125, 129,
130]

Software Engineering 8 [6, 42, 52, 66, 69, 97, 99, 133]
Object-Oriented Programming 4 [9, 32, 33, 69]
Algorithms 4 [56, 71, 83, 110]
Web Development 3 [69, 81, 96]
Machine Learning 3 [39, 98, 120]
Computer architecture 3 [83, 124, 127]

CS Education in General 10 [28, 30, 35, 75, 89, 92, 94, 111, 122,
131]

Others 14 [19, 21, 43, 46, 50, 65, 69, 69, 69, 74,
83, 90, 91, 126, 128]

RQ2 Results: 67% of works focus on introduction to program-
ming and introduction to CS. There is limited focus on more
advanced CS concepts, suggesting a need for further exploration
on LLMs’ ability in helping to teach advanced CS concepts.

3.3 RQ3: Research Methodologies
Table 3 summarizes the research methodologies followed by the
studied papers. Our findings show that 38% of papers use case stud-
ies and ethnography as their research method, which means these
papers are focused on how LLMs can be used in different use cases
of CS education. Moreover, 24% of the papers used the action re-
search method, where the researchers introduced novel LLM-based
tools and techniques and applied them in a CS educational context.
We also found 24 works in which researchers did experiments with
students from various levels as described in RQ1 (Section 3.1). In
14% of the works we analyzed, we found researchers were involved
in data-centric analysis, and in 12% of cases, they used grounded
theory for qualitative analysis. 12% of papers were involved in engi-
neering research that invents and evaluates LLM-based artifacts for
CS education. Researchers were also involved in interview studies
and case studies. They also used multi-methodology and mixed-
methods research to use LLMs in CS education. In 5% of works,
they benchmarked LLMs for CS education tasks. The rest of the
two works used Optimization Studies [9] and Repository Mining
[121] as their research methodology.

While most studies conducted interviews with students, teachers
as well as practitioners (humans), the work by Dengel et al. [35]
conducted semi-structured interviews with LLMs. Their goal was
to examine the applicability of qualitative research methods to
interviews with LLMs. In their study, LLMs were asked questions
related to the relevance of computer science in K-12 education.
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Table 3: Research Methodologies used by the Papers.

Methodology Total References

Case Study and Ethnogra-
phy

48 [9, 18, 25–27, 29, 31, 33, 37, 39, 41–43, 45,
46, 48, 49, 51, 54, 56, 57, 60, 62–64, 69, 70,
74, 76–78, 83, 90, 91, 100, 103, 112, 114–
116, 120, 121, 125, 129, 131, 134, 135, 137]

Action Research 30 [20, 27, 29, 32, 34, 38, 41, 42, 44, 45, 50,
53, 56, 58, 61–63, 67, 74, 80, 81, 102, 106,
109, 119, 124, 130, 133, 135, 138]

Experiments with Human
Participants

24 [18, 23, 24, 26, 35, 38, 47, 51, 63, 68, 69,
72, 74, 75, 85, 103, 106, 111, 115, 118, 123,
131, 132, 134]

Data Science 18 [1, 11, 24, 30, 33, 38, 47, 49, 55, 68, 70, 85,
89, 106, 110, 111, 125, 126]

Grounded Theory 15 [6, 19, 23, 28, 36, 37, 59, 66, 67, 72, 82, 84,
98, 108, 137]

Engineering Research (De-
sign Science)

15 [1, 25, 31, 40, 71, 73, 76, 93, 96, 99, 101,
104, 113, 117, 128]

Qualitative Surveys 9 [21, 52, 55, 58, 65, 88, 118, 122, 123]
Longitudinal Studies 8 [6, 11, 59, 79, 82, 86, 98, 105]
Mixed Methods Research 7 [22, 43, 64, 82, 88, 91, 97]
Benchmarking 6 [95, 99, 104, 107, 128, 139]
Case Survey 4 [87, 92, 94, 127]
Optimization Studies 1 [9]
Repository Mining 1 [121]

RQ3 Results: Around 60% works focus on case studies of using
LLMs and action research for creating tools around LLMs for CS
educational tasks. Researchers also did qualitative research by
conducting surveys. Limited works explore data-centric analysis
and benchmarking LLMs.

3.4 RQ4: Programming Languages
Figure 2 shows the top 10 programming languages that the reviewed
papers focused on (TypeScript and R are tied for the 10th position).
Among the programming languages, Python is the most studied,
being mentioned in 55% of the papers. This prominence is likely
because many studies focus on introductory CS courses, where
Python is often the first language taught. The second most used
language is Java [120, 128], primarily taught as an object-oriented
programming language. C [63] and C++ [73] receive comparatively
less attention. Fewer works focus on web languages like JavaScript,
HTML, and CSS [50, 59, 65, 69, 81, 92, 92, 96, 120].

Figure 2: Top 10 Programming Languages.

Our findings also reveal that LLMs are employed not only for
code generation but also for code-related Q&A tasks [82, 116, 119,

124] and MCQs [48, 49, 105, 109] across various CS courses. More-
over, some studies do not specify particular tasks but instead provide
a broader overview, such as examining how LLMs are perceived by
students [94] and teachers [111, 122], evaluating course feedback
[75, 89, 126], and generating scaffolds [31].

RQ4 Results: Most papers focused on Python and Java code
generation while neglecting other commonly used languages
such as JavaScript, C & C++.

3.5 RQ5: Most commonly used LLMs
Most works used ChatGPT [140] without employing the API, pri-
marily relying on the earlier GPT-3.5 model, with some using
GitHub Copilot (OpenAI’s Codex) [141] and GPT-4 [142] (see Figure
3). This trend is largely because many of the studies were conducted
before the release of GPT-4 and the higher cost of GPT-4 compared
to the mostly free GPT-3.5. Additionally, several works accessed
GPT-3.5-Turbo through OpenAI’s API. Besides OpenAI models, Mi-
crosoft’s BingAI4, as well as Google’s BARD5 and Gemini6, have
been used occasionally. Code-finetunedmodels like StarCoder [143]
and CodeBERT [144] were also used a few times. Unlike OpenAI’s
models, StarCoder and CodeBERT are free to use.

Figure 3: Most commonly used LLMs. Others include models
that are used only once. A workmay use more than one LLM.

There were 26 different models used only once across 12 papers.
These include Anthropic’s Claude7 and earlier LLMs like Mistral
[145], Falcon [146], MPT [147] etc.

RQ5 Results: Most papers used commercial models in their
studies, with ChatGPT being the most used model due to its
popularity among students. However, papers mostly used its
older version (GPT-3.5) instead of GPT-4 due to its costs.

4 Discussion
Along with the five RQs answered in this SLR, in our comprehensive
analysis, we also identified four important discussion points on
LLMs in CS Education as follows:
– Students’ and instructors’ sentiment about using LLMs in
CS Education: Students generally have positive experiences with
LLMs and LLM-based tools [21, 93, 133–135]. Studies have shown
that students consider examples generated by LLMs helpful [60]

4bing.com/chat
5bard.google.com
6gemini.google.com
7claude.ai
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and perceive that LLMs could enhance their knowledge [6] by pro-
viding helpful feedback [123]. CS Students praised LLMs for pro-
viding explanations that were easy to understand [73] and thought
that LLMs could be an additional agent with teaching assistants.
However, studies have also shown that students expressed some
frustration about crafting prompts that elicit the desired output
[84]. Furthermore, some studies indicate that students found it hard
to find relevant or accurate responses from LLMs [21]. From the
perspective of the instructors, studies have indicated that CS in-
structors found a negative correlation between the usage of LLMs
and students’ grades [59]. They found LLMs could negatively affect
students’ ability to solve programming tasks independently [59].
They expressed concerns about proper learning, over-reliance on
tools, and plagiarism when using LLMs in CS education [132].
– Task completion with LLMs and LLM-based tools: As de-
scribed in the results of RQ2 and RQ4, LLMs and LLM-based tools
were applied to solve assignments and programming problems
in different PLs from different courses in CS. Regarding the suc-
cessful completion of the tasks, we found mixed results regard-
ing the use of LLMs. Studies have shown that LLMs can help stu-
dents solve introductory programming problems, repair buggy code
[68, 80, 117], and help write better code [62, 64, 93]. According to
the findings, LLMs are generally better at writing code than solving
question-answer [116]. They can also generate programming prob-
lems [101, 112], MCQs [109, 113], and detect AI-generated code
despite having false positives [61]. LLMs can also provide feedback
to the student to improve their code [75, 89]. However, LLMs can
partially help with data science [114, 130] but hardly solve machine
learning problems [39]. They also suffer from problems in other
languages other than English. For example, LLM performed poorly
on Chinese Python question-answering problems [121].
– Adoption of LLMs in different use cases: LLMs are heavily
adopted by students [52, 82]; they often try ChatGPT to solve their
problems but remain skeptical overall [82, 96]. The adoption of
LLMs varied depending on the students’ coding skills and prior ex-
perience [97]. It is also significantly influenced by their perception
of future career norms [88]. There is potential for rapid iteration,
creative ideation, and avoiding social pressures for using LLMs [54].
Students used it as a chatbot [63], integrated with the IDE [71], and
as a substitute for the teaching assistant [6]. They usually read the
generated code to solve a task and mostly understand them [115].
– Expectation and future direction of using LLMs in CS Educa-
tion: Though LLMs can help solve assignments, provide feedback,
and repair code, both students and instructors desire more than
answers from LLMs [36]. Students and instructors agree that LLMs
should be welcome in academia [66, 131] and that the integration
of LLMs with teaching can lead to a better understanding [21]. In-
structors ask to change the curriculum as they can solve most of
the data structure problems [129] but are urged to handle LLMs
carefully [28].

5 Conclusion
In this paper, we presented the first comprehensive SLR on LLMs
in CS education. We identified and analyzed 1,735 related papers.
After applying well-defined inclusion and exclusion criteria, we
described 125 relevant papers in this SLR - the most related SLR

to ours [16] has covered 21 papers focusing only on programming.
Taking the 125 relevant papers into consideration, we answered
five important RQs related to educational levels, sub-disciplines,
methodologies, and PLs. We also presented a brief discussion on
the adoption of LLMs, students’ sentiments, and future directions.

Our findings indicate that most current research focuses on
undergraduate education and introductory programming courses.
They also indicate that most research applies case-based studies,
while the most widely-used PL is Python. All in all, although stu-
dents are usually positive about using LLMs, instructors are worried
about learning effectiveness because of potential over-reliance on
them. Our SLR also indicates that educators are gradually adopt-
ing LLMs in their courses but that most CS curricula still need to
be changed to accommodate recent advances in AI. We hope that
the insights gained from this comprehensive SLR will help inform
and enhance future research and applications of LLMs in CS ed-
ucation, contributing to a deeper understanding of their role and
effectiveness in various educational contexts.
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