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Abstract. This paper presents a systematic literature review of the
application of retrieval-augmented generation (RAG) systems in
educational settings, with a focus on teaching software engineering
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and related computing disciplines. Drawing on case studies,
academic experiments, and surveys of teachers and students, it
provides an overview of the current landscape, highlighting
perceptions, reported effectiveness, and the technology’s impact in
academia. Based on an analysis of 71 selected scientific papers, the
review synthesises evidence on the extent to which RAG systems
mitigate hallucinations and improve human-Al interaction. In
addition, it suggests that many approaches discussed across studies
could be strategically aligned with the integration of DevOps
practices and RAG, enhancing their use through automation,
continuous improvement, and the agile adoption of technologies
within educational processes.
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1 Introduction

In recent years, advances in artificial intelligence, particularly in Generative Al (GAI or GenAl), have significantly impacted
daily life. These technologies have become increasingly accessible and widely adopted (Zhu, 2024; Jawalkar et al., 2024).
GenAl enables the creation of content such as text, images, audio, and video through pre-trained models (Uysal, 2025). Among
these developments, Large Language Models (LLMs) have emerged as key tools across various domains, including
communication, healthcare, education, and entertainment (Ardimento et al., 2024; Zufiga Sanchez, 2024). However, due to their
reliance on static datasets, LLMs often generate outdated or inaccurate responses, leading to hallucinations (Cooper &
Klymkowsky, 2024; Jeong, 2024).

To overcome these limitations, Retrieval-Augmented Generation (RAG) systems have been developed. RAG integrates
information retrieval with generative capabilities, enabling real-time verification and reducing hallucinations (Jeong, 2024;
Singh et al., 2025; Zhang et al., 2025). These systems significantly enhance the performance of LLMs. Studies report
improvements in accuracy, from 75% to 86%, when domain-specific tuning is applied (Balaguer et al., 2024). Moreover, by
addressing the limitations of static knowledge, RAG systems enable more dynamic, context-aware responses, provided they rely
on high-quality data sources (Jawalkar et al., 2024).

Large language models such as ChatGPT and Llama-2 were launched in 2023. In 2024, the era of RAG systems, chatbots, and
Al agents became consolidated. Chatbots are designed for conversational interaction via text or voice, while Al agents are
capable of making decisions and learning from their environment. Both have gained popularity comparable to RAG systems by
enhancing the user experience (Deng et al., 2024; Jeong, 2024; Ciolacu et al., 2024).

RAG systems are also being explored in education to optimize learning and automate pedagogical processes. These technologies

support the adoption of innovative teaching practices (Rajeshwari et al., 2024; Ciucu et al., 2019). Their use is increasingly
common in the software development industry, particularly within the DevOps model. Since its consolidation in 2009, DevOps
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has promoted practices that integrate development and operations through automation (Jabbari et al., 2016). These practices
align with current industry demands and are especially attractive to students (Mota et al., 2024).

DevOps promotes continuous improvement and agile technology deployment. As such, it provides a valuable framework for
modernizing education and preparing students for a dynamic labor market. An experiment involving 30 students who
participated in a role-play-based teaching model for DevOps reported promising outcomes. Approximately 90% of participants
found the approach more engaging than traditional classes, and 93.3% agreed that it significantly contributed to their learning.
Qualitative feedback also highlighted positive perceptions regarding collaborative learning and the integration of real-world
tools (Mota et al., 2024).

This study focuses on the growing interest in Software Engineering Education (SEE), which increasingly demands innovative
methods to enhance learning experiences and prepare students for industry challenges (Yabaku et al., 2024). In response, this
review explores the state of the art in the application of RAG systems in education and related fields of computing and
technology. The analysis of 71 scientific articles reveals how the integration of GenAl, particularly RAG systems, along with
DevOps practices, can improve academic training and the development of software projects.

2 Research Method

This work presents a systematic literature review (SLR) in the field of Software Engineering (SE), developed based on two
strategies for article retrieval: (i) exploration of specialized digital databases following the guidelines established by Kitchenham
et al. (2009) for conducting SLRs, and (ii) the snowballing technique (Wohlin, 2014). The exploration technique in specialized
databases involves rigorously identifying, evaluating, and synthesizing existing evidence on a specific topic (Kitchenham et al.,
2009). The snowballing technique expands the study corpus by identifying relevant studies from the references of already
selected publications, thus enabling the discovery of additional material of interest (Wohlin, 2014).

The objective of this study is to analyze the impact of RAG systems in educational environments, with a focus on Software
Engineering Education, through a systematic literature review. The study aims to identify their effectiveness in mitigating
hallucinations, improving Human-Al interaction, and their potential integration with DevOps practices for teaching and
learning.

To achieve the objectives set for this study, the following research questions were defined: RQ1: What is the impact of using
and integrating RAG systems within academic environments in general, and specifically in software engineering? RQ2: How is
the mitigation of hallucinations generated by LLMs through the use of RAG reported in education? RQ3: How can the synergy
between humans and Al in software development be improved to maximize productivity? RQ4: In which phases of the sofiware
lifecycle has the use of RAG systems been documented, and how could they be integrated into DevOps stages?

In conducting this study, the search strategy combined two complementary approaches: specialized database exploration
(Kitchenham et al., 2009) and the snowballing technique (Wohlin, 2014). The first strategy involved searches in the databases
described below: ACM Digital Library, IEEE Xplore, Springer Link, Scopus, Wiley Online Library, and arXiv. These platforms
were chosen for their inclusion of studies published in leading conferences and journals in the field of education. To construct
the search query, the central themes of the research were SEE, SE, teaching, Human-Al, DevOps, RAG systems and GenAl
were combined using related terms. Minor adjustments were made to the search string to maximize both the quality and quantity
of the retrieved works. Zotero (Zotero, 2025) was used for citation and reference generation.

The final search query was: ((course OR teaching OR education OR academia) AND ("software engineering")) AND (DevOps
OR "continuous integration"” OR "continuous delivery” OR CI OR CD) AND (RAG OR "retrieval-augmented generation") AND
((GAI OR GenAI OR “Al Generative”) OR (Human-AI OR H-Al))

The second strategy applied a bidirectional and recursive snowballing process. In the backward snowballing phase, references
cited in the initially identified primary studies were reviewed. In the forward snowballing phase, newer studies that cited those
primary works were examined.

To ensure the relevance, rigor, and alignment of the selected literature with the objectives of this study, a set of selection,

exclusion, and quality assessment criteria was established. These criteria guided the identification of primary studies and
maintained a consistent evaluation process. Tables 1, 2, and 3 summarize each set of criteria applied throughout the review.
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Table 1. Selection criteria for primary studies

Criterion

Scientific studies published in the last five years (2020-2025) to ensure relevance and up-to-date information.
Case studies addressing RAG in education or software engineering (SE).

Studies published in journals and conferences indexed in recognized academic databases.

Documents available in English or Spanish.

Full-text, open-access studies available without paywall restrictions.

Table 2. Exclusion criteria

Criterion

Studies with a purely technical focus and no relation to educational contexts.

Publications with outdated information (older than five years, except for relevant exceptions).

Studies that do not provide a clear contribution to this study or present ambiguities in their study or results.
Opinion pieces, blogs, or papers that have not undergone peer review.

Documents in languages inaccessible for the study (e.g., Chinese or Russian, without an available translation).

Table 3. Quality assessment criteria

Criterion

(O R N O R

Studies must clearly state their objectives and research questions.
Studies must describe their methodology in sufficient detail to allow evaluation and potential replication.

Studies must provide a significant contribution to this study or explicitly address at least one of the defined research questions.
Preference was given to studies that provided access to data, tools, or frameworks relevant to the implementation of RAG systems.
When available, citation count and relevance to current educational or technological trends were considered, as well as the article’s

contribution to the academic discourse on Al in education and SE.

Peer Review and Blind Review Status: Preference was also given to studies published in peer-reviewed venues, particularly those

subjected to double-blind review processes.

3 Ciriteria for Classifying Primary Studies

A classification based on study type was applied, as it was considered relevant to addressing the research questions posed in this
study (Table 4). Six categories were established. This distribution highlights a strong emphasis on applied and pedagogical
research rather than purely qualitative methodologies. The next step of the review involved the reading and selection of primary
studies for the systematic literature review (SLR), following the criteria defined in Section 2.4. Table 5 summarizes the process
applied, while the consulted databases included ACM Digital Library, IEEE Xplore, Springer Link, Scopus, Wiley Online

Library, and ArXiv.
Table 4. Categorization of primary studies
Category Description Quantity
Interviews Interviews collect qualitative information about participants’ experiences and 1
perceptions.
Specific case studies Analyze in depth a particular situation, company, project, or implementation. 6
Experimental/empirical Include controlled trials, lab simulations, and computational experiments designed to 27
validate hypotheses and assess system behavior.
Reviews Encompass bibliographic studies, systematic mappings, literature reviews, and 9
exploratory analyses to synthesize existing knowledge.
Theoretical/ conceptual Develop new models and theoretical frameworks without direct empirical validation. 15
Education/ methodologies/ teaching Examine pedagogical methods, instructional strategies, and training approaches. 22

The selection procedure in each source followed a defined sequence: initial screening, removal of duplicate entries, application
of selection criteria based on titles and abstracts, and finally, a full-text review. As a result, 71 primary studies were selected: 44
from the digital libraries mentioned above and 27 through the snowballing technique. Finally, the answers to the research

questions were derived from the selected primary studies and are presented in the results, based on the methodology previously
described.
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Table 5. Search stages for selecting primary studies

Source of the studies Initial Duplicate Application of criteria Application of criteria
selection removal (Titles and Abstracts) (Full Reading)
Digital Libraries 5654 2451 62 44
Snowballing backward 70 57 14 10
Snowballing forward 75 8 30 17
Total 5799 2516 106 71
4 Results

This section presents the findings derived from the analysis of the 71 primary studies included in this literature review. The
analysis of the year of publication reveals clear trends in research activity. Fig. 1 presents the annual distribution of the selected
studies. A significant increase is observed in 2024, with more than 41 publications. This reflects a growing academic interest in
GenAl and RAG systems. The upward trend suggests that research in this field will continue expanding, with even greater
output expected in 2025.

The rise is especially notable in studies focused on RAG systems, chatbots, and Al agents applied to education. Their increasing
adoption indicates a shift in academic practices toward intelligent and interactive technologies. This scenario offers valuable
opportunities for further contributions, particularly through innovative approaches that integrate RAG, GenAl, and DevOps into
SEE.

4.1 Literature Classification

As explained in Section 3, the selected studies were initially classified by study type into six categories: interviews, case studies,
experimental or empirical studies, reviews, theoretical or conceptual works, and education-focused studies (Table 4).
Subsequently, the studies were also classified by topic, resulting in 16 specific subcategories that support thematic organization.
This classification encompasses various applications of artificial intelligence (AI) and RAG systems in SE, education, and
DevOps (Table 6).

Fig. 2 presents the thematic categorization. The highest proportion corresponds to RAG applied to SE (RAG-SE, 25.4%),
followed by RAG use in general education (RAG-EDU, 19.7%). These trends help identify dominant research areas and point to
others that have been less attended to in the literature.

This classification helps identify predominant thematic areas and those that require further attention for future research. In this
section, the research questions established at the beginning of this review are addressed. Each question is examined in detail,
starting with an analysis of the impact of integrating RAG systems into academic environments. This includes key aspects such
as challenges, opportunities, advantages, disadvantages, risks, and future directions.

The study then explores how RAG systems contribute to mitigating hallucinations generated by large language models (LLMs)
in educational contexts, identifying guidelines to improve and regulate automated content generation. Subsequently, the synergy
between humans and artificial intelligence in software development is analyzed, with a focus on strategies that enhance
productivity and improve the quality of outcomes.

Finally, the incorporation of RAG systems into the DevOps lifecycle is examined, offering a comprehensive view of their
applicability in both industrial and academic environments. Collectively, these findings provide a broad understanding of the
impact and transformative potential of RAG systems across various fields of knowledge and professional practice.

To answer the question RQ1: What is the impact of using and integrating RAG systems within academic environments in
general, and specifically in software engineering? we conducted a comprehensive analysis of the impact of RAG systems in
academic environments, examining six key dimensions: advantages, opportunities, disadvantages, challenges, risks, and the
experiences of both students and educators. This multidimensional approach allows for the identification of benefits as well as
the barriers that influence their adoption and effectiveness across educational contexts.

RAG systems vary depending on the data sources integrated, the Al models employed, and their intended objectives.

Nonetheless, reviewing past experiences in educational settings provides valuable insights into their capabilities, limitations, and
real-world impact. Drawing from this evidence, the study offers a reference framework to better understand the role of RAG
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systems in education, their evolution, and their potential to support both academic and professional development. The results
related to RQ1 are organized according to the six dimensions outlined above.
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Fig. 1. Annual distribution of the 71 primary studies analyzed.

Table 6. Classification of ai-related studies by category, subcategory, and application context

Main Category Category and Identifier Description Total studies
GAI (Generative Al) GAI-SE Applications in software engineering 3
GAI-SEE Educational uses within software engineering 3
GAI-EDU General education 3
GAI-DevOps Integration into DevOps contexts 1
RAG RAG-SE Software engineering 2
RAG-SEE Educational uses in software engineering 18
RAG- EDU General education 14
RAG-DevOps Integration with DevOps 0
Al (General Al) AI-SE Software lifecycle 8
AI-SEE Educational impact in software engineering 5
AI-EDU General educational applications 2
Al-DevOps Al use in DevOps 2
DevOps DevOps-SE Software engineering 0
DevOps-SEE Education in software engineering 2
DevOps-EDU General education 6
H-Al H-IA Human—Al interaction-focused studies 2

Furthermore, various tools and techniques have been explored for the implementation of RAG systems, reflecting a diverse set
of methodological approaches. Examples include the integration of Al agents with RAG, the use of RAG pipelines in
combination with large language models (LLMs) for academic queries, and the deployment of platforms such as VERTEX Al.

Additional advancements include KG-RAG, which incorporates knowledge graphs; translation-enhanced embeddings for
multilingual applications; and RAG pipelines developed with LANGCHAIN. Other notable innovations include Graph-
enhanced RAG, RAG-Reward systems based on reinforcement learning, and Dartboard for optimized information retrieval.
Systems like QUIM-RAG enhance retrieval quality, while RAG FOUNDRY offers an end-to-end framework for data
generation, model training, and performance evaluation.

Use of RAG Systems in Various Academic and Educational Contexts. RAG has emerged as a powerful tool in education,

particularly in course design and the enhancement of teaching methodologies. Studies show that RAG significantly improves the
accuracy and relevance of educational content compared to traditional methods (Shnaider et al., 2024). For example, its
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application in structuring university courses has demonstrated how advanced prompting techniques can enhance learning
outcomes by improving the precision of information retrieval.

H-1A (2) GAI-SE (3)
DevOps-EDU (6) P GAI-SEE (3)

DevOps-SEE (2) A

AIfDeVOps (2) S
A-EDU (2) A

GAI-EDU (3)

GAI-DevOps il)

RAG-SEE (2)

7 Q

AI-SEE (5)
7,0

RAG-SE (18)

AI-SE (8)

RAG-EDU (14)

Fig. 2. Distribution of Al-related research studies by subcategory.

In virtual teaching environments, RAG-enhanced models have been effectively adopted to assist both students and educators.
These systems provide reliable, interactive support by delivering responses grounded in textbook content, while also
encouraging active learning. Students can use Al tutors to compare concepts, organize materials, and generate personalized
study guides (Németh et al., 2023). Data from these implementations indicate that approximately 15% of student interactions
reflect critical thinking, while another 15% demonstrate active learning through inquiry and comparative analysis (Németh et
al., 2023). A synthesis of key aspects is provided in Tables 7 to 11, including advantages, opportunities, disadvantages,
challenges, and risks associated with the implementation of RAG systems in educational contexts. Redundant or overlapping
ideas have been consolidated, based on the analysis of 14 studies classified under the RAG-EDU category.

Use of RAG Systems in Educational Software Engineering and Computing. Tables 12 to 16 offer a focused overview of the
advantages, opportunities, disadvantages, risks, and challenges observed in the application of RAG systems within software
engineering, spanning both educational and technical domains. This examination is grounded in 20 studies categorized under
RAG-SEE and RAG-SE.

Perspectives of Students, Teachers, and Evaluators on RAG Tools. Table 17 presents a range of perspectives from students,
teachers, and evaluators regarding the use of RAG systems. While students highlight the benefits of immediate access to
information and personalized support, educators raise concerns about academic integrity and the depth of learning. Evaluators,
in turn, offer critical insights into the implementation and pedagogical effectiveness of these tools.

To answer the question RQ2: How is the mitigation of hallucination generated by LLMs reported with the use of RAG in
education? we analyzed how educational studies address the reliability of language models when augmented with retrieval
mechanisms. Hallucinations refer to responses that seem plausible but are actually incorrect or unsupported by verifiable
evidence (Mori¢ et al., 2024). Their mitigation in educational settings has been demonstrated through the use of RAG systems.
For example, (Jeong, 2024) reports that fine-tuning GPT-4 with domain-specific data improves accuracy from 75% to 81%, and
when combined with RAG, accuracy can increase further to 86%. This suggests that RAG systems are less prone to
hallucinations than traditional GenAl systems, as they provide source-grounded responses that enhance trust and reliability
(Darshan et al., 2024; Dakshit, 2024; Dong et al., 2023; Cooper & Klymkowsky, 2024; Fleischer et al., 2024).

Additionally, (Mori¢ et al., 2024) shows that hallucinations occur in 12.72% of responses generated using the RAG method.
Only 2 out of 74 queries showed hallucinations in relevant contexts, compared to 33% in responses with irrelevant context and
approximately 30.3% in enumerative answers. These findings emphasize the importance of incorporating structured context and
relevant knowledge to mitigate hallucinations, since performance declines significantly without them (Kuratomi et al., 2025).
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Table 7. Advantages of using rag systems in various academic and educational contexts

Aspect

Details

Studies

Improved response
quality

Efficiency and
performance
optimization
Scalability and
knowledge
management
Academic and teaching
applications

Personalization and
contextual alignment

Proven systems and
use cases

Increases accuracy and reduces hallucinations; enhances
context awareness; maintains factual consistency in complex
responses.

Reduces latency; automates response evaluation; enables
rapid creation of tutoring systems using course materials.

Improves retrieval from diverse sources; adapts to dynamic
knowledge bases without retraining; uses authoritative
external sources.

Answers academic questions; acts as teaching assistant;
enhances educational experiences; improves translation with
human-like strategies.

Integrates domain-specific knowledge; aligns responses with
institutional policies; enables semantic search aligned with
user intent.

Systems like OwlMentor and DUETRAG show
improvements; outperforms traditional LLMs; multi-agent
systems show higher performance and satisfaction.

(Dieu et al., 2024; Hemmat et al., 2024; Mori¢
et al., 2024; Thiis et al., 2024; Saha & Saha,
2024; Iscan et al., 2024; Alshammary et al.,
2024; Cooper & Klymkowsky, 2024; Jiao et
al., 2024; Guettala et al., 2024; Kuratomi et al.,
2025; Jeong, 2024).

(Dieu et al., 2024; Darshan et al., 2024; Dong
et al., 2023; Cooper & Klymkowsky, 2024).

(Mori¢ et al, 2024; Dong et al, 2023;
Alshammary et al., 2024; Guettala et al., 2024;
Kuratomi et al., 2025)

(Dakshit, 2024; Iscan et al., 2024).

(Dieu et al., 2024; Hemmat et al., 2024; Mori¢
et al., 2024; Alshammary et al., 2024; Jiao et
al., 2024; Kuratomi et al., 2025).

(Thiis et al., 2024; Dong et al., 2023; Saha &
Saha, 2024; Iscan et al., 2024; Cooper &
Klymkowsky, 2024; Jiao et al., 2024; Guettala
et al., 2024).

Table 8. Opportunities for using rag systems in various academic and educational contexts

Aspect

Details

Studies

Personalized student
support

Quality of interaction
and assessment

Scalability and system
design

Instructional
enhancement and
teaching support
Technology integration
and advancement

Evaluation and
improvement

Provides tailored academic assistance to university students;
integrates with academic databases; enables RAG-powered
chatbots for academic/cultural support; supports equitable
access to Al tools.

Delivers responses with high fidelity and clarity; allows fast,
context-aware assessments; helps students build arguments;
improves knowledge application through chatbots.

Scales in specialized educational settings; combines
generation and retrieval; supports continuous learning;
promotes innovation through open chatbot repositories.
Enhances instruction via Al-assisted tutoring; functions as
virtual TA and content platform; supports assignment design
and evaluation; faculty feedback highlights.

Incorporates deep learning; uses advanced NLP; applies
RAG to multilingual contexts; enhances LLMs for tasks
without retraining.

Performance backed by qualitative acceptability; student
feedback refines platforms; cross-disciplinary evaluation;
future models aim for stronger retrieval.

(Dieu et al., 2024; Hemmat et al., 2024; Mori¢
et al., 2024; Thiis et al., 2024; Saha & Saha,
2024; Guettala et al., 2024).

(Hemmat et al., 2024; Darshan et al., 2024;
Mori¢ et al., 2024; Thiis et al., 2024; Cooper &
Klymkowsky, 2024; Guettala et al., 2024).
(Darshan et al.,, 2024; Mori¢ et al., 2024;
Cooper & Klymkowsky, 2024; Guettala et al.,
2024).

(Dakshit, 2024; Cooper & Klymkowsky, 2024).

(Dakshit, 2024; Saha & Saha, 2024; Iscan et
al., 2024).

(Hemmat et al., 2024; Thiis et al., 2024).
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In information retrieval settings, Hybrid RAG (An approach that combines multiple retrieval techniques to enhance language
model responses) has shown notable improvements. It achieved over 40% gain on the q2a-100 dataset, more than 60% on cmds-
100, and above 70% in Recall on abbr-100 (Shi et al., 2024). Verification mechanisms and response inspection have also helped
reduce hallucinations, especially when meaningful context is available (Fleischer et al., 2024; Moric¢ et al., 2024).

Lastly, connecting Al models with external knowledge, as implemented in ChatGPT using RAG, aligns Al tutor responses and
reduces hallucinated answers to approximately 19.5% (Ma et al., 2024). However, hallucinations may still persist to a lesser
extent (Mori¢ et al., 2024; Thiis et al., 2024; Guettala et al., 2024; Kuratomi et al., 2025).

To answer the question RQ3: How can the synergy between humans and Al be improved in software development to maximize
productivity? we explored strategies that promote collaborative interaction between developers and Al systems. This synergy
can be enhanced by fostering complementary roles, clearly defined responsibilities, and continuous feedback mechanisms. Al
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tools such as OwlMentor, KG-RAG, and educational chatbots support the understanding of UML diagrams and scientific texts
(Thiis et al., 2024; Dong et al., 2023; Saha & Saha, 2024; Ardimento et al., 2024). GenAl also contributes to engagement,
creativity, and rapid feedback in learning environments (Yabaku et al., 2024; Kumar et al., 2024; Kumar et al., 2023; Kim et al.,
2023; Késtner & Kang, 2020). These tools help students prepare for professional practice through innovative methods (Yabaku
et al.,, 2024), while enabling individualized learning experiences and addressing student diversity (Vetriselvi et al., 2024;
Johnson, 2024). However, human supervision combined with well-defined guidelines remains essential to ensure the quality and
integrity of learning processes (Yabaku et al., 2024; Bull & Kharrufa, 2024; Ciolacu et al., 2024; Sauvola et al., 2024; Daniel,
2023).

Table 9. Disadvantages of using rag systems in various academic and educational contexts

Aspect

Details

Studies

Contextual and retrieval
limitations

Information accuracy
and reliability

Ethical and pedagogical
concerns

Complexity of
implementation and
maintenance

Explainability and
comprehension barriers

Scalability and
responsiveness issues

May retrieve irrelevant or biased content; failures in
retrieval affect response quality; static or rule-based
libraries reduce adaptability; limited knowledge bases
constrain effectiveness.

Hallucinations may still occur; contextual learning
problems can lead to misinformation; ambiguous language
or terms may cause misinterpretations.

Raises plagiarism and policy issues; may hinder critical
thinking and lead students to depend on Al-generated
answers rather than engaging in their own reasoning;
direct answers can disrupt authentic learning; feedback
may be ignored by students.

Technical complexity in integration; challenge in
balancing efficiency and accuracy; needs expert
supervision; dependence on external sources may cause
inconsistency.

Fragmented or incoherent responses due to limited
contextual grasp; low transparency complicates validation;
cultural or linguistic nuances may reduce clarity.

System performance may not scale well across settings;
some queries may lack sufficient data for quality
responses.

(Darshan et al., 2024; Dakshit, 2024; Guettala
et al., 2024).

(Mori¢ et al., 2024; Dakshit, 2024; Thiis et al.,
2024; Alshammary et al., 2024; Guettala et al.,
2024; Kuratomi et al., 2025).

(Dakshit, 2024; Thiis et al., 2024; Cooper &
Klymkowsky, 2024; Barnett et al., 2024).

(Darshan et al., 2024; Mori¢ et al., 2024;
Dakshit, 2024).

(Dong et al., 2023; Saha & Saha, 2024).

(Dakshit, 2024; Barnett et al., 2024).

Table 10. Challenges of using rag systems in various academic and educational contexts

Aspect

Details

Studies

Technical limitations and
performance constraints

Accuracy and reliability
issues

Integration and usability
challenges

User perception and
adoption barriers

High computational requirements; dependence on content
quality; risks of catastrophic forgetting; weak performance
without context; limited multimodal support; static data
inefficiency; integration challenges with external sources.

Hallucinations in complex responses; overfitting and bias;

context misinterpretation; fragmented or incomplete
outputs; difficulty with basic math and reasoning
explanation.

Integration into academic systems is complex; relies
heavily on text-based formats; lacks adaptive feedback;
requires expert supervision; struggles with nuanced tasks.
Mismatch between student and expert evaluations;
technical quality doesn't ensure engagement; personal
perceptions affect adoption.

(Dieu et al.,, 2024; Hemmat et al., 2024;
Darshan et al.,, 2024; Mori¢ et al.,, 2024;
Dakshit, 2024; Alshammary et al., 2024; Jiao et
al., 2024; Guettala et al., 2024; Kuratomi et al.,
2025).

(Darshan et al., 2024; Mori¢ et al., 2024;
Dakshit, 2024; Dong et al., 2023; Alshammary
et al., 2024; Cooper & Klymkowsky, 2024;
Jiao et al., 2024; Kuratomi et al., 2025).

(Dieu et al., 2024; Hemmat et al., 2024; Mori¢
et al, 2024; Dakshit, 2024; Cooper &
Klymkowsky, 2024; Jiao et al., 2024).

(Thiis et al., 2024).

To improve productivity, RAG and Al systems help reduce grading time, exam costs and unnecessary resource consumption
while maintaining objectivity in evaluation (Darshan et al., 2024; Johnson, 2024; Kistner & Kang, 2020). These systems
automate a portion of software development activities, with reported support of up to 50 percent of repetitive tasks (Vetriselvi et
al., 2024; Kumar et al., 2024; Kumar et al., 2023). Additionally, they contribute to daily operational efficiency and accelerate
development workflows (Vetriselvi et al.,, 2024; Zhang, 2023; Iyer et al., 2024). Users have reported increased levels of
satisfaction, collaboration and performance (Coutinho et al., 2024).
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Table 11. Risks of using rag systems in various academic and educational contexts

Aspect

Details

Studies

Knowledge and retrieval
limitations

System integration and
scalability risks

Educational and
pedagogical concerns

Ethical, equity, and
cultural issues

Explainability and
validation barriers

Research gaps and
systemic implementation
risks

Struggles with novel or ambiguous queries due to outdated
data; fails to access localized or niche content; weak
multilingual and domain-specific language support;
ineffective retrieval affects quality; static libraries limit
adaptability.

Complex retrieval-generation integration; challenges in
real-time scalability due to high demands; difficulty
processing structured content; limited by text-only inputs.

Excessive dependence on Al may reduce opportunities for
critical thinking; automation may marginalize educators;
current systems lack adaptability to diverse learning needs;

they also struggle with supporting scientific
comprehension; may encourage solution-focused behavior
rather than deeper understanding.  surface-level
understanding.

Training data bias affects fairness; concerns around
plagiarism and policy; difficulty adapting culturally;
limited support for multilingual and diverse learners.

Lack of transparency in outputs causes unreliable
responses; hard to automate domain validation; KG-RAG
systems still need expert oversight.

Few studies on student interaction with RAG; lack of
systemic educational strategies; ongoing expert evaluation
and database expansion are needed.

(Dieu et al., 2024; Hemmat et al., 2024; Mori¢
et al., 2024; Iscan et al., 2024; Alshammary et
al., 2024; Guettala et al., 2024; Kuratomi et al.,
2025).

(Hemmat et al., 2024; Darshan et al., 2024;
Mori¢ et al., 2024; Dakshit, 2024; Guettala et
al., 2024).

(Darshan et al., 2024; Thiis et al., 2024; Dong
et al., 2023; Cooper & Klymkowsky, 2024).

(Darshan et al., 2024; Mori¢ et al., 2024;
Dakshit, 2024; Saha & Saha, 2024; Iscan et al.,
2024).

(Dong et al., 2023).

(Cooper & Klymkowsky, 2024; Kuratomi et
al., 2025).

Table 12. Advantages of using rag systems in educational software engineering and computing

Aspect

Details

Studies

Improved learning and
pedagogical support

Accuracy, credibility,
and hallucination
reduction

Enhanced LLM and
system capabilities

Software engineering
and testing applications
Development efficiency
and prototyping

Advanced retrieval and
evaluation strategies

Enhances feedback accuracy (e.g., UML); fosters safe
learning; supports understanding-based learning; achieves
high response accuracy in tutoring.
Uses external knowledge for accuracy; mitigates
hallucinations; custom datasets reduce misinformation;
refined retrieval improves accuracy.

Combines retrieval and generation for personalized
responses; boosts LLMs in knowledge-intensive and
coding tasks; mixes retrieval types for effectiveness.

Improves unit test generation and coverage; API-level
RAG enhances code testing; identifies untested lines.
Speeds up development by indexing unstructured data;
avoids heavy annotation; enables fast prototyping and
efficient workflows.

QUIM-RAG and hybrids show state-of-the-art
performance; API-level and structured evaluation improve
results; balances efficiency and effectiveness.

(Ardimento et al., 2024; Ma et al., 2024).

(Ardimento et al., 2024; Simon et al., 2024;
Zhang et al., 2025; Saha et al., 2024; National
Technical University of Ukraine & O, 2023;
Ahmed et al., 2024; Bernardi et al., 2024; Shi
et al., 2024; Vetriselvi et al., 2024; Wang et al.,
2024; Jeong, 2024; He et al., 2025; Barochiya
et al., 2024).

(Ardimento et al., 2024; Simon et al., 2024;
Zhang et al., 2025; Saha et al., 2024; National
Technical University of Ukraine & O, 2023;
Fleischer et al., 2024; Chaubey et al., 2024;
Ahmed et al., 2024; Shi et al., 2024; Vetriselvi
et al., 2024; Wang et al., 2024; Jeong, 2024; He
et al., 2025; Barochiya et al., 2024; Li et al.,
2022)

(Shin et al., 2024).

(Barnett et al., 2024; Fleischer et al., 2024).
(Simon et al., 2024; Saha et al., 2024; Chaubey

et al., 2024; Shi et al., 2024; Wang et al., 2024;
He et al., 2025; Li et al., 2022).

The responsible use of LLMs and RAG systems is essential to address ethical and societal risks (Fleischer et al., 2024;
Vetriselvi et al., 2024; Virvou & Tsihrintzis, 2023; Bommasani et al., 2022). Base models may introduce disparities that
disproportionately affect marginalized users (Bommasani et al., 2022). Therefore, ethical design should consider aspects such as
privacy, fairness, transparency and Human-Centered Artificial Intelligence principles (Saha & Saha, 2024; Vetriselvi et al.,
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2024; Kiastner & Kang, 2020). Al should be positioned to assist human reasoning without displacing human judgment (Ciolacu
et al., 2024; Sauvola et al., 2024).

Table 13. Opportunities for using rag systems in educational software engineering and computing

Aspect

Details

Studies

Enhancing learning and
assessment

Advancing system
capabilities

Supporting research and
innovation

Integrating with broader
Al ecosystems

Ethics, fairness, and
scalability

Expanding use cases in
natural language
processing and beyond

Improves feedback and understanding in UML/software
tasks; enables execution monitoring; Al tutors assist with
homework; supports fair evaluation.

Improves semantic search and source-linked responses;
enhances LLMs in specific domains; enables real-time
Q&A and chatbot use.

Provides structured evaluation for RAG; supports rapid
prototyping (e.g., RAG FOUNDRY); expands research
with fine-tuning and new variants.

Combines GenAl and RAG for SOPs, synthesis, and info
management; supports data-driven decisions; frameworks
like LANGGRAPH improve GenAl.

Promotes ethical Al in education; encourages scalable
low-code and LLM solutions.
Supports  dialogue  generation,
interdisciplinary academic research.

translation;  drives

(Ardimento et al., 2024; Ma et al., 2024; Simon
et al., 2024).

(Barnett et al., 2024; Simon et al., 2024;
National Technical University of Ukraine & O,
2023; Chaubey et al., 2024; Ahmed et al.,
2024; Barochiya et al., 2024).

(Simon et al., 2024; Fleischer et al., 2024;
Chaubey et al., 2024; Ahmed et al., 2024; Shi
et al., 2024).

(Chaubey et al., 2024; Bernardi et al., 2024;
Vetriselvi et al., 2024; Jeong, 2024).

(National Technical University of Ukraine &
0, 2023; Chaubey et al., 2024).
(Barochiya et al., 2024; Li et al., 2022).

Table 14. Disadvantages of using rag systems in educational software engineering and computing

Aspect

Details

Studies

Data dependency and
input limitations

Accuracy, hallucinations,
and bias

Performance and
evaluation challenges

Computational and
resource constraints

Functional limitations in
software engineering
tasks

System rigidity and
generalization issues

Requires large, high-quality datasets; sensitive to input
variations; domain-specific data needed to ensure
generalization and accuracy; limited test cases reduce
reliability.

May hallucinate or misinterpret context; reinforces
training data biases; accuracy may degrade due to
compression/retrieval trade-offs.

Complexity increases overfitting risk; lacks traceable
evaluation; runtime-only analysis; simplistic evaluation
metrics;  retrieval-generation  coupling  complicates
measurement.

High cost and execution time; expensive token usage;
quadratic scaling in some execution models; unsuitable for
low-resource settings.

No improvement in test syntactic/dynamic correctness;
weak with semantic gaps; higher perplexity; latency in
real-time use; misses domain-specific terms.

Struggles to generalize across tasks; cannot integrate real-
time data after deployment; depending on a single
retrieved passage limits system flexibility.

(Ardimento et al., 2024; Shin et al., 2024;
Zhang et al., 2025; Fleischer et al., 2024).

(Ardimento et al., 2024; Barnett et al., 2024;
Saha et al., 2024; Vetriselvi et al., 2024; Jeong,
2024; He et al., 2025).

(Barnett et al., 2024; Simon et al., 2024;
Fleischer et al., 2024; Chaubey et al., 2024;
Pickett et al., 2025; Wang et al., 2024; Jeong,
2024; Li et al., 2022).

(Shin et al., 2024; Chaubey et al., 2024; Pickett
et al., 2025; Wang et al., 2024; Li et al., 2022).

(Shin et al, 2024; Chaubey et al., 2024;
Vetriselvi et al., 2024; Wang et al., 2024; He et
al., 2025).

(Ardimento et al., 2024; Fleischer et al., 2024,
Jeong, 2024; Li et al., 2022).

Human roles continue to be relevant. Professionals such as security analysts and educators contribute in areas such as incident
handling, documentation and architectural decisions (Bernardi et al., 2024; Sauvola et al., 2024; Daniel, 2023). Training users
helps avoid misapplication and decreases error rates (Kim et al., 2023). Human evaluation of Al-generated content ensures
clarity, precision and contextual relevance (Barochiya et al., 2024).

Challenges in human-Al collaboration still exist. Al tutors may offer slow or inconsistent responses that impact perceived
reliability (Hemmat et al., 2024; Mori¢ et al., 2024; Ma et al., 2024; Zhang et al., 2025; Fleischer et al., 2024). To mitigate these
issues, continuous monitoring and updated datasets are needed (Zhang et al., 2025; Bernardi et al., 2024). Furthermore, system
alignment with user expectations and contextual needs is critical (Thiis et al., 2024; Zhang et al., 2025; Zhang, 2023).
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The broader impact of Al is reshaping professional roles. It influences how software engineers work and how responsibilities
are distributed across teams (Vetriselvi et al., 2024; Sauvola et al., 2024; Johnson, 2024; Chu & Lim, 2023; Vierhauser et al.,
2024; Alenezi et al., 2022; Daniel, 2023). Integrating Al trends into curricula contributes to preparing future professionals
(Vierhauser et al., 2024; Nguyen et al., 2024; Ziiga Sanchez, 2024). In addition, Al systems increasingly affect other domains

such as healthcare, agriculture, defense and public policy (Gong, 2021; Virvou & Tsihrintzis, 2023).

Table 15. Risks of using rag systems in educational software engineering and computing

Aspect

Details

Studies

Reliability and validity
of research findings

Content gaps and
misinformation

Bias and subjectivity in
evaluation

Educational impact and
ethical risks

Interpretability and trust

Fast LLM evolution risks outdated findings; Al tutor
studies lack causal proof of performance gains; RAG
validation success may not be unique or reproducible.
Missing answers can lead to poor outputs; hallucinations
persist without verification; static knowledge bases reduce
freshness.

Manual evaluation introduces bias; reward models neglect
reasoning/security;  misalignment  with  traditional
assessments impacts evaluation quality.

Al tutors may short-circuit learning; GenAl raises integrity
and cognitive concerns; lack of human-centered design
leads to ethical/regulatory issues.

Generated content may be inaccurate; privacy and
transparency concerns arise; depending solely on one
retrieved passage may reduce the depth of responses; clear
governance is needed.

(Ardimento et al., 2024; Ma et al., 2024; Simon
et al., 2024).

(Barnett et al., 2024; Fleischer et al., 2024;
Chaubey et al., 2024; Ahmed et al., 2024
Bernardi et al., 2024; Vetriselvi et al., 2024,
Wang et al., 2024; He et al., 2025; Li et al.,
2022).

(Simon et al., 2024; Shin et al., 2024; Zhang et
al., 2025).

(Ma et al., 2024; Vetriselvi et al., 2024).

(Fleischer et al., 2024; Vetriselvi et al., 2024;
Lietal., 2022).

Table 16. Challenges and issues in using rag systems in educational software engineering and computing

Aspect

Details

Studies

Implementation
complexity and technical
barriers

Data limitations and
information gaps

Evaluation, metrics, and
reward model challenges

User experience and
educational impact
Bias and inconsistency

Knowledge retention and
productivity gaps

Requires deep understanding of data and design; constant
updates needed due to model evolution; libraries often
need customization; real-time data needs extra validation.

Hallucinations persist when documents are missing;
document exclusion reduces accuracy; engineers struggle
to find info in large organizations; lack of documentation
causes failures.

Metrics like line coverage may misrepresent effectiveness;
reward models underperform in RAG; existing scores may
not match educational utility; preprocessing may distort
evaluations.

Students dissatisfied with slow, shallow Al responses;
GenAl may harm academic integrity and critical thinking.
Training bias and manual labeling skew results; non-

determinism complicates repeatability; output varies
across domains.
LLMs struggle with information retention; RAG

productivity gains limited with poor-quality sources.

(Ardimento et al., 2024; Simon et al., 2024;
Shin et al., 2024; Fleischer et al., 2024; Ahmed
et al., 2024; Pickett et al., 2025; Bernardi et al.,
2024; Shi et al., 2024; Vetriselvi et al., 2024;
Jeong, 2024; Barochiya et al., 2024; Li et al.,
2022).

(Barnett et al., 2024; Simon et al., 2024; Shin et
al., 2024; Saha et al., 2024; Shi et al., 2024,
Vetriselvi et al., 2024; Wang et al., 2024;
Jeong, 2024; He et al., 2025; Barochiya et al.,
2024; Li et al., 2022).

(Shin et al., 2024; Zhang et al., 2025; Saha et
al., 2024; Fleischer et al., 2024; Ahmed et al.,
2024; Vetriselvi et al., 2024; He et al., 2025;
Barochiya et al., 2024).

(Ma et al., 2024; National Technical University
of Ukraine & O, 2023; Vetriselvi et al., 2024).
(Ardimento et al., 2024; Simon et al., 2024;
Shin et al., 2024; Zhang et al., 2025; Li et al.,
2022).

(Shi et al., 2024; Wang et al., 2024; Li et al.,
2022).

To answer the question RQ4: In which phases of the software lifecycle has the use of RAG systems been documented, and how
could they be integrated into DevOps stages? we reviewed studies classified under the RAG-SE and RAG-SEE categories.
These studies examine the application of RAG systems across specific phases of the software development lifecycle. The
analysis was structured according to the DevOps workflow, including the stages Plan, Code, Build, Test, Release, Deploy,
Operate, and Monitor, in order to explore the potential integration of RAG systems at each phase.
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Table 17. Perspectives of students, teachers, and evaluators on rag tools

Perspective

Details

Studies

Student experiences and
perceptions

Faculty and teaching
perspectives

Evaluator and
assessment insights

System feedback and
adaptation

Students found tools like OwlMentor helpful; appreciated
Al tutors for clear guidance; liked non-intrusive
monitoring and personalized learning; noted issues like
slow responses and reduced usefulness over time;
equitable access is important.

Faculty highlighted workload reduction and consistent
assessment; saw RAG as effective teaching aids and safe
environments; useful for supporting large student cohorts.
Evaluators valued clarity and coherence; Al grading seen
as more objective; custom materials integration improves
relevance.

User feedback improves response quality; feedback loops
drive tool adaptation; GenAl adoption highlights future-

(Hemmat et al., 2024; Thiis et al., 2024; Dong
et al., 2023; Cooper & Klymkowsky, 2024;
Ardimento et al.,, 2024; Ma et al., 2024;
Vetriselvi et al., 2024; Fernandes et al., 2022).

(Darshan et al., 2024; Dakshit, 2024; Dong et
al., 2023; Cooper & Klymkowsky, 2024;
Ardimento et al., 2024; Ma et al., 2024).
(Hemmat et al., 2024; Darshan et al., 2024;
Vetriselvi et al., 2024).

(Mori¢ et al., 2024; Cooper & Klymkowsky,
2024; Ardimento et al., 2024; Fernandes et al.,

focused integration; current systems need continued
refinement.

2022).

The reviewed literature shows that RAG systems have primarily been integrated into selected lifecycle phases, indicating their
adaptability to different development contexts. Regarding the Plan phase, study (Ardimento et al., 2024) introduces a novel
approach to teaching UML during the planning and design stage. In the Code phase, study (National Technical University of
Ukraine & O, 2023) presents a RAG system to support developers in low-code environments, (Ahmed et al., 2024) explores the
integration of large language models (LLMs) within RAG contexts, and (He et al., 2025) highlights the benefits of external
knowledge bases for improving coding tasks. In the Test phase, study (Shin et al., 2024) evaluates the effectiveness of RAG in
generating unit tests. For the Operate phase, study (Barochiya et al., 2024) identifies challenges in adopting multimodal large
language models (MM-LLMs), particularly due to outdated internal knowledge and hallucinations. Finally, in the Monitor
phase, study (Bernardi et al., 2024) introduces a RAG-based framework for security reporting and monitoring.

5 Discussion

The discussion and results section present the interpretations and analysis of each question. Each sub-theme presented below
reflects the interpretation of the findings obtained.

5.1 Impact of RAG Systems on Education and Educational Software Engineering

This sub-theme addresses research question RQI1. The analysis draws on 34 primary studies, which include interviews,
experimental studies, case analyses, and theoretical reviews. These studies explore the advantages, opportunities, disadvantages,
challenges, and risks associated with the use of RAG systems in education, SE, and computing. While diverse methodologies
were employed to cover a wide range of scenarios, the possibility of bias in the findings is acknowledged. As shown in Fig. 3,
most studies fall under the RAG-SEE and RAG-EDU categories, which reflects the emphasis on applied educational contexts.
This distribution supports the focus of the present discussion on teaching practices, assessment tools, and feedback mechanisms.

The results indicate that RAG systems improve both the accuracy and relevance of information. They contribute to optimizing
teaching practices, personalizing learning, and reducing teacher workload by automating assessments and feedback processes
(Darshan et al., 2024; Dakshit, 2024; Thiis et al., 2024; Dong et al., 2023; Saha & Saha, 2024; Alshammary et al., 2024; Cooper
& Klymkowsky, 2024; Guettala et al., 2024; Kuratomi et al., 2025; Ardimento et al., 2024; Ma et al., 2024). Furthermore, their
integration with virtual assistants reinforces academic tutoring.

In higher education and lifelong learning, RAG systems support adaptive learning models that benefit both students and
instructors. In fields such as SE and computer science, these systems have been used to optimize unit test generation, code
evaluation, and technical information retrieval. They also enhance personalized tutoring and enable interactive simulations
(Dakshit, 2024; Thiis et al., 2024; Dong et al., 2023; Cooper & Klymkowsky, 2024; Ardimento et al., 2024; Ma et al., 2024;
Shin et al., 2024; National Technical University of Ukraine & O, 2023; Fleischer et al., 2024; Bernardi et al., 2024; He et al.,
2025).

However, their implementation also introduces challenges and risks. The quality and accuracy of RAG outputs may be
compromised by biases in training data or retrieval errors. There is a concern that excessive reliance on these systems may
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diminish students’ critical thinking abilities. Other notable challenges include high computational demands, which may hinder
adoption in institutions with limited technological infrastructure. Additional risks involve academic integrity, potential
plagiarism, and the limited explainability of some generative outputs (Darshan et al., 2024; Mori¢ et al., 2024; Alshammary et
al., 2024; Cooper & Klymkowsky, 2024; Guettala et al., 2024; Ma et al., 2024; Shin et al., 2024; Saha et al., 2024; Vetriselvi et
al., 2024).

To ensure effective implementation, the literature recommends developing hybrid strategies that combine automated generation
with human validation. It is also important to provide training for educators and students in the appropriate use of these tools
and to establish protocols to evaluate their impact on learning outcomes. Finally, ongoing research should focus on reducing
bias, minimizing hallucinations, and improving overall accuracy (Hemmat et al., 2024; Thiis et al., 2024; Dong et al., 2023;
Alshammary et al., 2024; Jiao et al., 2024; Ardimento et al., 2024; Simon et al., 2024; Zhang et al., 2025; Fleischer et al., 2024;
Wang et al., 2024; Jeong, 2024).

5.2 Mitigation of LLM-Generated Hallucination with the Use of RAG in Teaching

In relation to RQ2, the studies indicate that integrating RAG systems into teaching significantly reduces hallucinations in large
language models (LLMs). Refining information in GPT-4 improves accuracy from 75% to 81%, and when combined with RAG,
it reaches 86% (Jeong, 2024). By incorporating verifiable sources and relevant context, RAG reduces hallucination rates to
12.72% in context-appropriate responses and to 19.5% when retrieving information from external sources such as ChatGPT (Ma
et al., 2024).

Although some errors persist (Mori¢ et al., 2024; Thiis et al., 2024; Guettala et al., 2024; Kuratomi et al., 2025), the literature
confirms that RAG can effectively mitigate hallucinations and biases, provided that the underlying database and configuration
are properly implemented (Saha & Saha, 2024). Despite methodological differences among studies, the findings consistently
support the effectiveness of RAG in generating more accurate and trustworthy responses (Darshan et al., 2024; Dakshit, 2024;
Dong et al., 2023; Cooper & Klymkowsky, 2024; Fleischer et al., 2024).

5.3 Synergy Between Humans and Al in Software Development to Maximize Productivity

The literature reviewed for RQ3 shows that combining RAG systems with GenAl in software development can substantially
enhance productivity. Benefits include high user acceptance and improved user experience (Hemmat et al., 2024; Thiis et al.,
2024; Dong et al., 2023), reduced bias and time savings in evaluations and report generation (Darshan et al., 2024; Zhang et al.,
2025), and more efficient resource allocation (Darshan et al., 2024).

Nevertheless, several challenges are identified. These include the risk of hallucinated or incorrect responses that can
compromise information reliability (Mori¢ et al., 2024; Fleischer et al., 2024), as well as the need for continuous human
oversight to ensure process accuracy and security (Ciolacu et al., 2024; Sauvola et al., 2024). These findings align with the
reported benefits in Table 12 and Table 13, particularly regarding the reduction of workload and the ability to support routine
development tasks with Al assistance.

Maximizing productivity requires a balance between Al automation and human intervention. This involves establishing ethical
guidelines (Dakshit, 2024; Saha & Saha, 2024; Chaubey et al., 2024; Vetriselvi et al., 2024; Késtner & Kang, 2020; Daniel,
2023; Bommasani et al., 2022), and implementing ongoing training strategies to mitigate risks and improve integration into
development workflows (Kim et al., 2023).

5.4 The Synergy Between RAG and DevOps in SEE

The analysis for RQ4 reveals that RAG systems have been integrated into specific DevOps stages, including Plan, Code, Test,
Operate, and Monitor. However, they have not yet been applied in the Build, Release, or Deploy stages. This gap presents a
valuable opportunity to optimize the entire software development and delivery lifecycle.

Beyond software engineering, Artificial Intelligence has shown significant importance in the broader educational context by
enabling personalized learning, automating administrative processes, and providing equitable access to resources (Grote &
Bogner, 2023; Bhandari et al., 2023; Pan et al., 2023; Cico et al., 2023; Dong & Jia, 2020; Késtner & Kang, 2020; Heck &
Schouten, 2021; Chu & Lim, 2023; Vierhauser et al., 2024; Gong, 2021; Slimi, 2023). The literature suggests that the synergy
between RAG and DevOps in SE education can enhance current practices. As shown in Table 6, though, the RAG-DevOps
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category includes no studies, which indicates that this area remains largely unexplored. Some studies highlight that Artificial
Intelligence for Software Engineering (AI4SE) has the potential to redefine development practices (Lo, 2023; Kumar et al.,
2023). It also promotes collaboration among professionals, a core principle of DevOps that encourages integration between
development and operations. In addition, Al can shorten development cycles, reduce costs, and increase testing productivity
(Kumar et al., 2023). It also enhances creativity and supports DevOps objectives related to automation and performance.

Compared to general education, where RAG systems are mostly used for tutoring, personalized learning, or content generation,
their role in SE Education is more technical. In SEE, RAG tools are applied to support practical tasks, such as those in DevOps
workflows. However, the limited presence of studies in the RAG-DevOps category (Table 6 and Fig. 2) suggests that this area
has received relatively little attention. This observation underscores the potential value of further exploring how RAG
applications could be integrated into the DevOps pipeline. This includes helping students work with automation, continuous
integration, and real-world development practices. These applications go beyond teaching concepts and aim to improve hands-
on skills that align with industry needs.

Study (Bernardi et al., 2024) emphasizes that DevOps improves learning efficiency within the framework of Education 4.0.
Meanwhile, studies (Mota et al., 2024) and (Iyer et al., 2024) consider its integration an innovative alternative to traditional
methods. Lastly, the growing demand for DevOps professionals has led to adaptations in SE curricula, with greater emphasis on
continuous delivery, implementation pipelines, and real-world industry practices (Ferino et al., 2023; Ferino et al., 2021;
Fernandes et al., 2020; Rocha et al., 2023;). These insights directly address research question RQ4, which seeks to identify the
phases of the software lifecycle where RAG systems have been applied and explore their possible integration into DevOps
workflows.

5.5 Critical synthesis and knowledge gaps

This study presents a thematic classification of RAG applications in education and software engineering. However, several
tensions and gaps in the literature can be identified. One tension lies in the contrast between the ability of RAG systems to offer
personalized learning and feedback, and the risk that such automation may lead to reduced critical thinking when students rely
too much on Al-generated responses (Dakshit, 2024; Thiis et al., 2024; Cooper & Klymkowsky, 2024).

Another tension appears between the reported benefits of Al tutors in teaching contexts and the practical challenges related to
computational requirements and system integration. These barriers may limit adoption, particularly in institutions with restricted
technological resources (Darshan et al., 2024; Mori¢ et al., 2024; Shin et al., 2024; Chaubey et al., 2024; Wang et al., 2024).

In addition, the review shows that although there is increasing interest in combining RAG with DevOps, no primary studies
have addressed this connection directly (RAG-DevOps = 0, Table 6). This absence highlights a gap that may be relevant for
future research on both technical and educational fronts.

Lastly, there is limited evidence on the long-term use of RAG systems in education. Most studies evaluate short-term outcomes
or tool performance, but few examine their sustained impact on student learning or curriculum design. This suggests the need
for research that includes longitudinal approaches and broader institutional analysis.

5.6 Contribution of the classification

The classification proposed in Table 6 offers a structured view of how RAG systems and related technologies have been applied
across different domains, including software engineering, general education, DevOps, and human—Al interaction. This
framework supports the identification of patterns in existing literature and reveals areas that have received limited attention. For
instance, while the categories RAG-SEE and RAG-EDU show a relatively high number of studies, there is a complete absence
of work categorized as RAG-DevOps.

By organizing the reviewed literature into sixteen subcategories grouped by application domain, the framework contributes to
mapping the intersection between RAG and educational practices in software-related fields. Unlike traditional reviews that focus
only on benefits or limitations, this structure highlights how research is distributed across contexts. This contribution may assist
future studies in selecting research directions and identifying underrepresented areas where further exploration is needed,
especially in aligning RAG systems with DevOps principles and curricular design.
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6 Conclusions and Future Work

The integration of RAG systems into SEE has demonstrated a positive and multifaceted impact. This SLR offers a consolidated
view of the state of the art, showing how these systems enhance information accuracy, optimize learning, personalize
instruction, and automate tasks such as assessment and feedback. Additionally, the SLR highlights how RAG helps mitigate
hallucinations and biases in language models, provided that high-quality data sources and well-designed configurations are used.

This review contributes by providing a detailed thematic classification of existing studies and by identifying areas that have
been less attended to in the literature, such as the integration of RAG into specific stages of DevOps. In this way, the SLR not
only systematizes existing knowledge but also outlines a research agenda for future studies, particularly in contexts where RAG
can deliver both educational and technical value.

In practical terms, the findings are relevant to curriculum designers, educators, and researchers, as they offer empirical and
conceptual evidence to guide the informed adoption of RAG-based technologies in higher education and SE. Despite its
benefits, the review also identifies challenges, including the need for human oversight, technical limitations, and ethical risks, all
of which must be addressed to ensure effective and responsible implementation.

Moreover, the integration of RAG systems in SEE presents a unique opportunity to bridge theoretical knowledge with real-
world practices. These systems can be configured to deliver highly personalized learning experiences, adapting content and
difficulty levels to individual student needs. RAG-based platforms also serve as intelligent tutoring systems, offering context-
aware assistance, answering programming-related queries, and guiding students through complex problem-solving tasks.
Additionally, RAG contributes to the mitigation of hallucinations and biases commonly found in large language models by
grounding responses in verified sources, thereby increasing the reliability of educational content. Their ability to reinforce
source-based reasoning also improves the trustworthiness of Al-generated content in academic environments.

In software development contexts, the combination of RAG with generative Al has been shown to boost productivity, streamline
evaluations, and reduce the time and cognitive effort required for coding and documentation tasks. By supporting activities such
as automated testing, code evaluation, and continuous integration within DevOps workflows, RAG not only enhances student
engagement but also aligns academic training with current industry demands. For curriculum designers, this synergy opens
possibilities to design hands-on learning experiences that reflect real-world practices. This synergy between human expertise
and Al-driven tools encourages the development of both technical competencies and critical thinking skills. As educational
institutions move toward Education 4.0 paradigms, incorporating RAG into teaching strategies will be essential to cultivating
adaptive, future-ready software professionals. For educators, RAG systems can serve as complementary tools that help reduce
repetitive tasks and enhance instructional delivery.

The results obtained indicate great potential in the integration of RAG systems and DevOps practices to transform SE education
by providing personalized learning, access to up-to-date information and assistance in problem solving. As part of future work,
it is proposed to conduct a comparative study on techniques and trends in the development and implementation of RAG systems
in academia and industry. Such a study could offer insights into the adaptability and impact of these systems across educational
and industrial domains. Also, given the rapid and dizzying evolution of the subject, it is proposed to continue updating the state
of the art on the performance of these systems in education, with a specific focus on SE, and to continue reporting relevant
findings in the literature. Additionally, future studies may examine long-term effects on student engagement, the evolving role
of educators in hybrid Al-human environments, and ethical considerations in deploying RAG systems in classrooms.
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