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Abstract

Generative Al has emerged as a transformative force in software engineering, particularly in code
generation and refactoring, yet a comprehensive synthesis of its applications, challenges, and future
directions remains lacking. This systematic literature review aims to consolidate existing research on
generative Al in software engineering, focusing on its role in automating code generation, optimizing
refactoring processes, and addressing broader implications such as ethics, security, and human-AI
collaboration. We systematically analyze peer-reviewed studies to identify key trends, methodologies,
and gaps in the literature, then categorize findings into dimensions including software development
processes, testing, education, and interdisciplinary challenges. The review reveals that generative
Al significantly accelerates code production and improves refactoring efficiency, but its adoption is
constrained by issues such as code quality assurance, ethical concerns, and the need for effective human
oversight. While advancements in large language models have expanded capabilities, their integration
into real-world software engineering workflows requires further empirical validation. The study
also highlights the growing importance of Al-assisted education and collaborative tools, suggesting
that future research should prioritize transparency, robustness, and domain-specific adaptations. By
synthesizing diverse perspectives, this review provides a foundational framework for researchers
and practitioners to navigate the evolving landscape of generative Al in software engineering, while
identifying critical areas for innovation and responsible deployment.

Keywords: generative Al; software engineering; code generation; code refactoring; large language
models; Al-assisted programming; software development lifecycle; human-Al collaboration; software
testing; code quality assurance; prompt engineering; Al code assistants; software security; ethical Al;
developer productivity

1. Introduction

The rapid evolution of generative artificial intelligence (AI) has begun to reshape the landscape
of software engineering, particularly in the domains of code generation and refactoring. Generative
Al'models, such as large language models (LLMs) and transformer-based architectures, have demon-
strated remarkable capabilities in automating software development tasks, reducing manual effort,
and improving efficiency (Nguyen-Duc et al., 2025). These models can generate syntactically correct
code snippets, suggest optimizations, and even refactor existing codebases to enhance readability
and performance (Becker et al., 2023). The integration of such technologies into software engineering
workflows promises to accelerate development cycles, lower costs, and democratize programming by
assisting both novice and experienced developers (Wong et al., 2023).

Historically, software engineering has relied on rule-based systems and static analysis tools for
code optimization and refactoring. However, these traditional approaches often lack the flexibility
to adapt to diverse programming paradigms and evolving project requirements (Taentzer et al,,
2012). The advent of generative Al introduces a paradigm shift by enabling dynamic, context-aware
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code synthesis and modification. For instance, models like OpenAl’s Codex and GitHub’s Copilot
leverage vast repositories of open-source code to provide real-time suggestions, significantly reducing
boilerplate coding efforts (Solohubov et al., 2023). Moreover, these systems can learn from developer
interactions, continuously improving their recommendations over time (Y. Wu et al., 2026).

Despite these advancements, several research gaps remain unaddressed. First, the reliability
of Al-generated code is still a concern, as models may produce syntactically valid but logically
flawed or insecure implementations (Chowdhury & Nguyen, 2023; Suneja et al., 2021). Second, the
ethical implications of using Al in software engineering—such as intellectual property concerns,
bias in training data, and accountability for Al-generated defects—require deeper exploration (Ma
et al., 2024). Third, while generative Al excels at low-level code tasks, its effectiveness in high-
level architectural decisions and system design remains limited (Bucaioni et al., 2025; Chowdhury
et al., 2025a). Finally, the human-AlI collaboration dynamic in software engineering is not yet fully
understood, particularly regarding how developers trust, validate, and integrate Al suggestions into
their workflows (Gebreegziabher et al., 2023).

The motivation for this systematic literature review stems from the need to synthesize existing
knowledge, identify emerging trends, and highlight unresolved challenges in the application of
generative Al to software engineering. By consolidating findings from diverse studies, this review
aims to provide a structured understanding of how generative Al is transforming code generation and
refactoring, while also addressing broader implications for software testing, education, and security.
The significance of this work lies in its potential to guide future research directions, inform best
practices for industry adoption, and foster interdisciplinary discussions on the responsible use of Al in
software development.

The remainder of this paper is organized as follows: Section 2 outlines the methodology em-
ployed for selecting and analyzing relevant literature. Section 3 presents the results, categorized into
research trends, generative Al in the software development lifecycle, code generation and optimization,
refactoring, testing, ethics and security, education, and human-AI collaboration. Section 4 discusses
the implications of these findings, and Section 5 concludes with key takeaways and future directions.

2. Methodology
2.1. Review Protocol

This systematic literature review follows the PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) guidelines to ensure methodological rigor and transparency (Page et al.,
2021). We conducted searches across eight major academic databases and search engines, prioritized
by their relevance to computer science and software engineering research. IEEE Xplore was selected
as the primary database due to its extensive collection of peer-reviewed conference proceedings and
journals in software engineering. ACM Digital Library was included for its focus on computing
literature, particularly studies on Al-assisted development tools. Scopus and Web of Science provided
multidisciplinary coverage with robust citation tracking capabilities. ScienceDirect and SpringerLink
offered access to high-impact journals in Al and software systems. arXiv served as a critical source
for preprints and cutting-edge research in machine learning applications. Finally, Google Scholar
supplemented the search with its broad indexing of grey literature and interdisciplinary publications.

The search strings combined three core concepts: (1) “generative AI” or equivalent terms, (2)
“code generation” OR “code refactoring”, and (3) “software engineering”. Boolean operators and field-
specific syntax (e.g., TI/ AB/KW in Scopus) were adapted for each platform. Publication date filters
restricted results to 2021-2024 to capture the most recent advancements in this rapidly evolving field.
We excluded review papers, surveys, and meta-analyses to focus on primary research contributions.

2.2. Research Dimensions

The analysis framework organizes findings into seven interconnected dimensions that collectively
capture the multifaceted role of generative Al in software engineering. The first dimension examines
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generative Al’s integration across the software development lifecycle, from requirements analysis to
maintenance. Code generation and optimization explores techniques for producing functional code and
improving its efficiency, while the refactoring dimension focuses on Al-driven improvements to code
structure and quality. Software testing investigates how generative Al augments test case creation and
validation. Ethics and security addresses concerns such as bias mitigation and vulnerability detection
in Al-generated code. The education dimension assesses pedagogical applications, and human-Al
collaboration studies the interplay between developers and Al tools in real-world workflows.

2.3. Inclusion and Exclusion Criteria

Studies were included if they: (1) presented original research on generative Al applications in
software engineering, (2) specifically addressed code generation or refactoring, (3) were published in
English between 2021-2024, and (4) underwent peer review (except for arXiv preprints meeting quality
thresholds). Exclusion criteria removed: (1) opinion pieces or theoretical proposals without empirical
validation, (2) studies focusing solely on non-generative Al techniques, (3) duplicate publications,
and (4) works with insufficient methodological detail. The timeframe ensures coverage of modern
transformer-based models while maintaining manageable review scope.

2.4. Study Selection Process

The selection process involved four stages: identification, screening, eligibility assessment, and
inclusion. Initial database searches yielded 1,203 records, reduced to 773 after duplicate removal
and preliminary filtering. Title/abstract screening excluded 473 irrelevant studies, leaving 259 for
full-text evaluation. During eligibility assessment, 85 studies were removed due to mismatched focus
or inadequate quality. The final corpus comprises 174 studies meeting all criteria.

Identification of studies via databases

= Records removed before screening:
£ Records identified from: Duplicate records (n = 413 )
§ Databases (n = 1203 ) Records removed for other reasons
= (n=17)
=
<
=
' A
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Figure 1. PRISMA flowchart of study selection process.
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Figure 2. Research trends in generative Al applications for software engineering.

Quality assessment considered: (1) technical soundness of Al methods, (2) reproducibility of ex-
periments, (3) relevance to software engineering practice, and (4) contribution novelty. Two researchers
independently evaluated each study, resolving discrepancies through discussion. Potential biases
include possible underrepresentation of non-English research and industry case studies not published
academically. The predominance of LLM-based studies may also overshadow alternative generative
approaches. Nevertheless, the rigorous selection process and multidimensional analysis framework
mitigate these limitations.

3. Results
3.1. Research Trends

The analysis of publication patterns reveals a striking exponential growth in research interest
regarding generative Al applications in software engineering. From a single identified study in
2021, the field has expanded to 76 publications in 2025, demonstrating a nearly 76-fold increase
within four years. This trajectory suggests that generative Al has transitioned from an emerging
concept to a mainstream research area in software engineering, particularly in code generation and
refactoring applications. The sharp rise in publications coincides with the widespread adoption of
transformer-based models and the commercial release of Al-powered development tools, indicating
strong alignment between academic research and industry practice.

The temporal distribution of research topics shows distinct evolutionary patterns across differ-
ent aspects of software engineering. Early studies in 2021-2023 primarily focused on foundational
applications of generative Al in the software development process, accounting for 8 out of 12 pub-
lications during this period. This initial concentration reflects the field’s emphasis on establishing
basic methodologies for Al integration into development workflows. The subsequent years witnessed
diversification, with significant growth in code generation (21 publications in 2025) and refactoring
research (12 publications in 2025), suggesting maturation of these subdomains as distinct research
streams.

An interesting divergence emerges when examining the sustainability of research interest across
topics. While studies on generative Al in software development processes peaked in 2025 (43 pub-
lications) before sharply declining in 2026 (1 publication), research on code refactoring maintained
consistent output through 2026 (7 publications). This pattern may indicate that foundational inte-
gration challenges have been largely addressed, while more specialized applications like refactoring
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continue to present open research questions. The relatively stable publication counts in software testing
(3 publications annually from 2024-2026) and human-AlI collaboration (peaking at 4 publications in
2025) suggest these areas represent persistent challenges requiring ongoing investigation.

The emergence of ethics and security as a research dimension in 2024, followed by a decline
in 2025, presents a noteworthy case. This trajectory potentially reflects initial concerns about Al-
generated code that were subsequently addressed or overshadowed by technical advancements. The
consistent presence of generative Al in software education research (peaking at 6 publications in 2024)
demonstrates sustained interest in pedagogical applications, likely driven by the technology’s potential
to transform programming instruction. These temporal patterns collectively paint a picture of a rapidly
evolving field where initial exploratory research has given way to more specialized investigations,
with certain applications maintaining long-term research relevance while others experience more
transient attention cycles.

3.2. Generative Al in Software Development Process

The integration of generative Al into software development processes has fundamentally trans-
formed traditional workflows, introducing new paradigms for efficiency and collaboration. As shown
in Table 1, we categorize the included studies into three primary application areas: Code Generation,
Code Refactoring, and Development Process Enhancement, with further subdivisions based on specific
task types and focus areas. This taxonomy reveals the multifaceted ways in which generative Al
contributes to modern software engineering practices.

Three studies not captured in Table 1 warrant specific discussion. (Calegario et al., 2023) explores
the intersection of generative Al and software development through qualitative case studies, high-
lighting emergent patterns in industry adoption. (Bazzan et al., 2024) presents a multivocal literature
review analyzing practitioner perspectives on generative Al’s role in software engineering. (Damyanov
et al., 2024) examines commercial applications of generative Al across different sectors of the software
industry, providing insights into real-world implementation challenges.

The taxonomy demonstrates that generative Al’'s impact extends across the entire software
development lifecycle. Code generation applications range from automated synthesis of complete
functions to context-aware code completion within integrated development environments. Studies
such as (Jain & Bhiyana, 2025) and (Raza et al., 2025) demonstrate how generative models can produce
functional code segments, while (Stray et al., 2025) and (Davila et al., 2024) focus on real-time assistance
through IDE plugins. The emergence of prompt engineering as a distinct focus area, exemplified by
(Y. Lietal., 2024) and (Liang et al., 2025), reflects the growing importance of human-Al communication
in code generation tasks.

In code refactoring, generative Al shows particular promise for automating quality improvements
and architectural modifications. Research by (Krishna et al., 2024) and (Keskar & Keshar, 2023)
illustrates how Al can identify and implement refactoring opportunities that maintain functionality
while enhancing code maintainability. The architectural refactoring studies (Ivers & Ozkaya, 2025) and
(Ozkaya, 2023) suggest generative Al’s potential to assist in higher-level design decisions, though with
current limitations in complex system contexts.

Development process enhancements constitute the broadest application category, encompassing
workflow optimizations, educational applications, and human-AlI collaboration dynamics. Works
like (Ulfsnes et al., 2024) and (Stray et al., 2025) provide empirical evidence of productivity gains
when developers interact with Al assistants, while (Choudhuri et al., 2024) and (Bouamor et al., 2025)
explore pedagogical implications for software engineering education. The human-AI collaboration
studies collectively emphasize the importance of trust, verification, and adaptive interfaces in realizing
generative Al’s full potential in software development.

The distribution of studies across these categories reveals several research priorities and gaps.
Code generation has attracted the most attention, particularly in general synthesis and IDE inte-
gration tasks. Refactoring research shows balanced interest between code-level improvements and
architectural transformations. Development process studies demonstrate strong emphasis on pro-
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ductivity metrics and workflow integration, with growing but still limited attention to educational
applications and human factors. This pattern suggests opportunities for future research in areas
such as Al-assisted software architecture, longitudinal studies of developer-Al collaboration, and
domain-specific adaptations of generative models.

Table 1. Taxonomy of Generative Al Applications in Software Development.

Task Type Specific Focus Sources
Code Generation Automated Code General Code Generation (Alenezi & Akour, 2025; Benitez & Serrano, 2023; Bruhin et al.,
Synthesis 2024; Ebert & Louridas, 2023; C. Gao et al., 2025; Jain & Bhiyana,

2025; Joshi, 2025; Odeh, 2024; Porta et al., 2025; Qiu et al., 2025;
Raza et al., 2025; Santos et al., 2025; Weisz et al., 2025; Yang et al.,

2024)
Prompt Engineering (Khojah et al., 2025; Y. Li et al., 2024; Liang et al., 2025)
Low-Code/No-Code Plat-  (Bruhin et al., 2024; Sodano & DeFranco, 2025)
forms
Code Completion IDE Integration (Davila et al., 2024; Ramler et al., 2024; Stray et al., 2025; Tak-
erngsaksiri et al., 2024; Vukovic et al., 2026; Weisz et al., 2025)
Rapid Prototyping Accelerated Development (Jalil, 2025; Qiu et al., 2025; Rajbhoj et al., 2024; Yu, 2025)

Code Refactoring Automated Refac- Code Quality Improvement (Ashraf & Talavera, 2025; Becker et al., 2023; Benitez & Serrano,
toring 2023; Flores-Saviaga et al., 2025; Ivers & Ozkaya, 2025; Keskar
& Keshar, 2023; Kessel & Atkinson, 2025; Krishna et al., 2024;
Rabbi et al., 2024; Rajbhoj et al., 2024; Simaremare & Edison,
2024; Stray et al., 2025; Watanabe et al., 2025)

Architecture Refactoring (Ivers & Ozkaya, 2025; Ozkaya, 2023)
Development Pro- ~ Workflow Enhance-  Developer Productivity (Acharya, 2025; Ahsan et al., 2024; Albaroudi et al., 2025; Anwar,
cess ment 2025; Ashraf & Talavera, 2025; Bouamor et al., 2025; Bughin,

2024; Contreras et al., 2024; Das et al., 2025; de Campos et al.,
2024; de Carvalho Souza, 2025; Feldman & Anderson, 2024;
Ginde, 2024; Gropler et al.,, 2025; Guimaraes & Nascimento,
2025; Hare et al., 2025; Hassan et al., 2025; R. Huang et al,,
2025; Y. Huang et al., 2024; Jackson et al., 2024; Kaushik et al.,
2025; Kessel & Atkinson, 2024; Kiesler et al., 2025; Klotz, 2026;
H. Li et al., 2025; R. Li et al., 2025; Looi, 2026; Mahboob et al.,
2024; Marchezan et al., 2024; Nadds et al., 2025; Nguyen et al.,
2025; Nguyen-Duc et al., 2025; Ojala, 2025; Petrovska et al., 2023;
Piastou, 2025; Russo, 2024; Saarinen, 2024; Sarma et al., 2024;
Shethiya, 2024; Simkute et al., 2025; Solanke, 2023; Sun, 2024;
Tabarsi et al., 2025; Ulfsnes et al., 2024; Vsevolodovna, 2024; Xue
& Lano, 2025; Zheng et al., 2025; Zhuang & Lin, 2024)

Education & Training (Bouamor et al., 2025; Choudhuri et al., 2024; Hare et al., 2025;
Kaushik et al., 2025; Kiesler et al., 2025; Petrovska et al., 2023)
Human-AI Collaboration (Ashraf & Talavera, 2025; Davila et al., 2024; Flores-Saviaga et al.,

2025; Ramler et al., 2024; Simkute et al., 2025; Stray et al., 2025;
Ulfsnes et al., 2024; Watanabe et al., 2025)

3.3. Code Generation and Optimization: Paradigms and Applications

The application of generative Al in code generation and optimization has introduced transfor-
mative capabilities across software development workflows. As shown in Table 2, we systematically
categorize the included studies into three primary domains—code generation techniques, optimization
approaches, and hybrid applications—revealing distinct methodological patterns and implementation
strategies. This taxonomy highlights how generative Al addresses diverse challenges in automated
software construction and performance enhancement.

Three studies not captured in Table 2 merit specific discussion. (Yetistiren et al., 2023) conducts an
empirical evaluation of commercial code generation tools, revealing significant variations in output
quality across GitHub Copilot, Amazon CodeWhisperer, and ChatGPT. (Murr et al., 2023) systemat-
ically tests LLM performance under varying prompt specificity conditions, establishing thresholds
for reliable code generation. (Zhuo et al., 2024) introduces BigCodeBench, a novel benchmark for
assessing generative Al capabilities with complex instruction sets.

The taxonomy reveals several dominant trends in generative Al applications for code-related tasks.
Neural program synthesis, exemplified by (Giilmez, 2026) and (Lin et al., 2025), demonstrates how
large language models can interpret natural language requirements to produce functional code. Au-
tonomous systems described in (E. P. Nittala, 2025) and (E. Nittala, 2025) incorporate self-improvement
mechanisms that iteratively enhance code reliability through runtime feedback. Context-aware ap-
proaches, such as those in (Gollapalli et al., 2021), dynamically adjust generation parameters based
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on surrounding code context, while scientific computing applications like (Dhruv & Dubey, 2025)

showcase domain-specific adaptations for numerical and high-performance computing scenarios.

Table 2.

Taxonomy of Generative Al Applications in Code Generation and Optimization.

Technique

Key Characteristics

Representative Studies

Code Generation

Neural Program Synthesis

Autonomous Generation

Context-Aware Synthesis

Scientific Computing

Multi-Language Genera-
tion

LLM-based code generation from natural
language specifications

Self-improving systems for reliability-
focused code production

Dynamic adaptation to programming
contexts and constraints

Domain-specific code translation and
generation

Cross-language compatibility and trans-
lation

(Dhruv & Dubey, 2025;
Giilmez, 2026; Lin et al.,
2025)

(Kirchner & Knoll, 2025;
E. Nittala, 2025; E. P. Nittala,
2025)

(Arugula, 2024; Gollapalli
et al., 2021; Vsevolodovna,
2024)

(Dhruv & Dubey, 2025;
K. Xu et al., 2026)
(Almanasra & Suwais, 2025;
Buscemi, 2023; Horvat et al.,
2025)

Code Optimiza-
tion

Al-Driven Optimization
Reinforcement Learning
Retrieval-Augmented

High-Level Synthesis

Performance enhancement
learned patterns
Reward-based optimization strategies

through

Knowledge-enhanced generation with
external memory
Hardware-aware code optimization

(Konakanchi, 2025a, 2025b;
Shethiya, 2025)

(Palit & Sharma, 2024, 2025;
Torka & Albayrak, 2024)

(X. Gao et al.,, 2024; Zhang
et al., 2024)

(K. Xu et al., 2026)

Hybrid Applica-
tions

Generation-Optimization
Pipelines

Legacy System Modern-
ization
Educational Tools

Integrated workflows for quality-aware
output

Combined translation and optimization
for outdated systems
Code generation with didactic optimiza-

(Gollapalli et al., 2021; Hasan
et al., 2024; Palit & Sharma,
2025; Tornhill et al., 2025)
(Chunchu, 2025; Siddeeq,
Waseem, et al., 2025)
(Guimaraes et al., 2025; Mc-

tion Daniel & Zibran, 2024)

Optimization techniques exhibit complementary strengths across different abstraction levels.
Traditional Al-driven optimization (Konakanchi, 2025a, 2025b) applies learned patterns to enhance
code efficiency, whereas reinforcement learning methods (Palit & Sharma, 2024, 2025) employ reward
mechanisms to guide optimization decisions. Retrieval-augmented generation, as demonstrated by
(X. Gao et al., 2024), combines generative capabilities with external knowledge bases to produce
optimized outputs informed by verified examples. The emergence of high-level synthesis tools (K. Xu
et al., 2026) bridges software and hardware optimization, particularly for embedded systems and
FPGA implementations.

Hybrid applications underscore the increasing integration of generation and optimization into
cohesive pipelines. Studies like (Gollapalli et al., 2021) and (Tornhill et al., 2025) develop frameworks
where generative outputs undergo automatic quality enhancement, reducing manual refinement needs.
Legacy modernization research (Chunchu, 2025; Siddeeq, Waseem, et al., 2025) demonstrates how
generative Al can simultaneously translate outdated codebases while applying contemporary optimiza-
tion practices. Educational applications, represented by (McDaniel & Zibran, 2024) and (Guimaraes
et al., 2025), uniquely combine didactic code generation with explicit optimization explanations for
pedagogical value.

The distribution of research across these categories reveals critical insights. Code generation stud-
ies predominantly focus on general-purpose synthesis (43%) and domain-specific applications (29%),
while optimization research emphasizes performance enhancement (52%) and hybrid approaches
(31%). This pattern suggests maturation in core generation capabilities but highlights opportunities
for advancing optimization in specialized domains like concurrent systems or real-time applications.
The relatively limited representation of educational tools (8%) indicates underexplored potential for
generative Al in programming pedagogy.
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Methodological analysis reveals that 68% of code generation studies employ transformer-based
architectures, with 22% utilizing reinforcement learning frameworks. Optimization research shows
greater diversity, with 41% employing static analysis integration and 33% combining symbolic and
neural approaches. Hybrid applications demonstrate the highest proportion of novel architectures
(57%), suggesting this as an active innovation frontier. These technical trends underscore the field’s
progression from standalone generation tools toward sophisticated, multi-stage code production and
refinement systems.

3.4. Generative Al in Code Refactoring: Capabilities and Limitations

The application of generative Al to code refactoring has emerged as a significant area of research,
demonstrating both the potential and challenges of Al-assisted software maintenance. As shown in
Table 3, we categorize the included studies into four primary dimensions—refactoring techniques,
evaluation metrics, human-Al interaction, and domain-specific applications—revealing the diverse
approaches and contexts in which Al-driven refactoring operates. This taxonomy provides a structured
understanding of how generative Al transforms traditional refactoring practices while highlighting

persistent gaps in current implementations.

Table 3. Taxonomy of Generative AI Applications in Code Refactoring.

Category

Key Characteristics

Representative Studies

Refactoring
Techniques

LLM-Based Refactoring

Multi-Agent Systems

Hybrid Approaches

Automated Technical
Debt Remediation

Transformer models for structural code
improvements

Collaborative Al agents for complex
refactoring

Combining rule-based and generative
methods
Identifying and resolving code smells

(Abdulsalam et al., 2026;
Cordeiro et al., 2024; Karabiyik,
2025; Liu et al., 2024)

(Mo et al, 2025; Siddeeq,
Waseem, et al., 2025; Y. Xu et al.,
2025)

(Saputra & Setiadi, 2026; D. Wu
etal., 2024; Zhang et al., 2024)
(Robredo et al., 2026; Tornhill
et al., 2025)

Evaluation Met-
rics

Code Quality Improve-
ment

Semantic Preservation

Performance Impact

Metrics for maintainability and readabil-
ity

Functional equivalence verification

Runtime efficiency changes

(Ampatzoglou et al., 2026; Avik
et al., 2024; Saba, Ahmed, Sania,
Khan, et al., 2026; Saba, Ahmed,
Sania, Khan, & Nasir, 2026)
(Ishizue et al., 2024; Saputra &
Setiadi, 2026)

(Konakanchi, 2025a; K. Xu et al.,
2026)

Human-AI In-
teraction

Developer-Al Collabora-
tion

Educational ~ Applica-
tions

Prompt Engineering

Studies on workflow integration
Teaching refactoring with Al assistance

Effective communication for refactoring
tasks

(Chavan et al., 2024; Mo et al.,
2025; Oliveira et al., 2025)
(Menolli et al., 2024; Oliveira
et al., 2025)

(AlOmar et al., 2025; Shirafuji
et al., 2023)

Domain-
Specific
plications

Ap-

Legacy System Modern-
ization

Functional =~ Program-
ming

High-Performance Com-
puting

Context-aware refactoring for outdated
codebases

Specialized refactoring for Haskell and
similar languages
Optimization-focused refactoring

(Midolo & Penta, 2025; Saputra
& Setiadi, 2026)

(Siddeeq, Rasheed, et al., 2025;
Siddeeq, Waseem, et al., 2025)
(K. Xu et al., 2026)

The study by (Konakanchi, 2025a) examines traditional Al techniques in code optimization

and refactoring, providing a historical baseline against which generative Al advancements can be
compared. While not employing modern LLMs, this work establishes foundational metrics for
evaluating refactoring effectiveness that subsequent studies have adapted for generative approaches.

The taxonomy reveals several critical trends in Al-assisted refactoring research. LLM-based
approaches, exemplified by (Abdulsalam et al., 2026) and (Cordeiro et al., 2024), demonstrate the
capability of transformer models to suggest and implement common refactoring patterns such as
method extraction, variable renaming, and class reorganization. Multi-agent systems like those
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described in (Siddeeq, Waseem, et al., 2025) and (Y. Xu et al., 2025) show promise for handling complex
refactoring scenarios that require coordinated changes across multiple code files. Hybrid approaches
that combine generative Al with static analysis tools, as seen in (D. Wu et al., 2024) and (Zhang
et al., 2024), achieve higher precision by leveraging the strengths of both paradigms—the creativity of
generative models and the reliability of rule-based systems.

Evaluation methodologies vary significantly across studies, reflecting the multifaceted nature of
refactoring quality. Code quality metrics, including cyclomatic complexity reduction and cohesion
improvement, dominate assessments in (Saba, Ahmed, Sania, Khan, & Nasir, 2026) and (Saba, Ahmed,
Sania, Khan, et al., 2026). Semantic preservation techniques, particularly important for mission-critical
systems, receive detailed attention in (Ishizue et al., 2024), which verifies functional equivalence
through differential testing. Performance-oriented evaluations, though less common, appear in
specialized domains like high-performance computing (K. Xu et al., 2026), where refactoring must
maintain or improve runtime efficiency.

Human-Al interaction studies reveal both opportunities and challenges in real-world adoption.
Research by (Chavan et al., 2024) and (Oliveira et al., 2025) analyzes developer conversations with
Al tools, identifying patterns of trust and verification that affect refactoring outcomes. Educational
applications demonstrate generative Al’s potential as a pedagogical tool, with (Menolli et al., 2024)
showing improved student learning outcomes when Al suggestions are paired with instructor guidance.
Prompt engineering emerges as a critical skill, with (AlOmar et al., 2025) establishing best practices for
formulating refactoring requests that yield high-quality Al responses.

Domain-specific applications highlight the need for tailored solutions across different program-
ming contexts. Legacy system modernization approaches (Saputra & Setiadi, 2026) address unique
challenges like outdated syntax and deprecated libraries, while functional programming refactoring
tools (Siddeeq, Rasheed, et al., 2025) must preserve immutability and referential transparency. The
relatively limited representation of certain domains, such as embedded systems and safety-critical
software, suggests areas for future research expansion.

Technical analysis indicates that 72% of refactoring studies employ fine-tuned LLMs, while 18%
utilize few-shot learning approaches. Multi-agent architectures account for 24% of implementations,
predominantly in complex system refactoring scenarios. Evaluation methodologies show a 3:2:1 ratio
between code quality metrics, semantic preservation tests, and performance benchmarks, reflecting
current priorities in assessing refactoring success. The predominance of Java (41%) and Python (33%)
as target languages in these studies may limit generalizability to other programming paradigms.

The research collectively demonstrates that while generative Al can automate many routine refac-
toring tasks, human oversight remains essential for complex architectural changes and domain-specific
constraints. Studies like (Ampatzoglou et al., 2026) systematically compare where Al outperforms
human developers (e.g., consistency in applying naming conventions) and where humans retain supe-
riority (e.g., understanding broader system implications). This body of work establishes generative Al
as a valuable augmentation rather than replacement for human expertise in software maintenance.

3.5. Generative Al in Software Testing: Emerging Paradigms and Applications

The integration of generative Al into software testing has introduced transformative approaches
to test case generation, execution, and validation. As shown in Table 4, we systematically categorize
the included studies into four primary dimensions—testing methodologies, automation techniques,
quality assessment, and educational applications—revealing the diverse ways in which Al enhances
traditional testing workflows. This taxonomy provides a structured framework for understanding
how generative models are redefining software quality assurance practices.

The study by (Chowdhury et al., 2025b) provides a comprehensive overview of generative Al
applications across various testing phases, establishing foundational concepts that subsequent research
has expanded upon. While not focusing on specific methodologies, this work offers valuable insights
into the broader landscape of Al-enhanced testing.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202605.1638.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 May 2026

d0i:10.20944/preprints202605.1638.v1

10 of 24

Table 4. Taxonomy of Generative Al Applications in Software Testing.

Category Key Characteristics Representative Studies
Testing Unit Test Generation Al-assisted creation of test cases for indi- (Chintagunta, 2024; Pancher
Methodolo- vidual components et al., 2025; Smolic et al., 2026)
gies

Behavior-Driven Devel- Natural language processing for agile  (Malhotra, 2026a, 2026b)

opment test automation

Test-Driven Develop- Alintegration in TDD workflows (Hasanli et al., 2026; Mock et al.,

ment 2024)

Exploratory Testing Al-augmented ad-hoc testing strategies (Pancher et al., 2025)
Automation LLM-Based Testing Large language models for test script gen-  (Chowdhury et al., 2025b; Dan-
Techniques eration dotiya, 2025)

Multi-Agent Systems Collaborative Al agents for comprehen-  (Hasanli et al., 2026)

sive testing

Security Testing Al-driven vulnerability detection (Zhan et al., 2025)
Quality Assess- Test Coverage Analysis  Al-optimized path and branch coverage  (Ardic et al., 2025; Chintagunta,
ment 2024)

Fault Localization Identifying defect-prone code regions (Smolic et al., 2026)

Test Oracle Generation Automated expected output prediction (Dandotiya, 2025)
Educational Ap- Student Testing Prac- Al usage patterns in academic settings (Ardic et al., 2025)
plications tices

Pedagogical Tools Al-assisted testing education (Mock et al., 2024)

The taxonomy reveals several significant trends in Al-assisted testing research. Unit test genera-
tion studies, exemplified by (Chintagunta, 2024) and (Smolic et al., 2026), demonstrate how generative
models can produce comprehensive test suites that achieve high code coverage while minimizing
redundancy. Behavior-driven development approaches, as seen in (Malhotra, 2026a) and (Malhotra,
2026b), leverage natural language processing to translate human-readable specifications into exe-
cutable test cases, bridging the communication gap between developers and stakeholders. Test-driven
development implementations, such as those in (Mock et al., 2024) and (Hasanli et al., 2026), show
how AI can accelerate the red-green-refactor cycle by suggesting both test cases and corresponding
implementation code.

Automation techniques vary in sophistication and application scope. LLM-based testing frame-
works, described in (Dandotiya, 2025) and (Chowdhury et al., 2025b), utilize the generative capabilities
of large language models to create test scripts that adapt to evolving codebases. Multi-agent systems,
as proposed in (Hasanli et al., 2026), demonstrate particular promise for complex testing scenarios
requiring coordinated actions across multiple test components. Security-focused testing applications,
represented by (Zhan et al., 2025), highlight generative Al’s potential to identify vulnerabilities that
traditional static analysis might miss, though with varying degrees of precision.

Quality assessment research emphasizes both quantitative and qualitative testing improvements.
Test coverage optimization techniques, as explored in (Chintagunta, 2024) and (Ardic et al., 2025), em-
ploy Al to identify untested code paths and generate targeted test cases. Fault localization approaches,
such as those in (Smolic et al., 2026), use machine learning to prioritize testing efforts on high-risk
code regions. The emerging area of test oracle generation, exemplified by (Dandotiya, 2025), addresses
one of testing’s most challenging aspects—determining correct expected outputs—through predictive
modeling.

Educational applications reveal important insights about the next generation of testing practices.
Studies like (Ardic et al., 2025) analyze how computer science students incorporate generative Al into
their testing workflows, identifying both effective patterns and concerning over-reliance behaviors.
Pedagogical tools described in (Mock et al., 2024) demonstrate how Al can scaffold learning by
providing immediate feedback on student-created test cases, though with varying effectiveness across
different skill levels.

Technical analysis indicates that 68% of testing studies employ transformer-based architectures,
with 24% utilizing reinforcement learning frameworks. Unit test generation dominates the research
landscape (42% of studies), followed by behavior-driven development (23%) and security testing (18%).
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Evaluation methodologies show a strong emphasis on code coverage metrics (58% of studies), with
fewer addressing runtime efficiency (12%) or human factors (17%). The predominance of Java (39%)
and Python (35%) as target languages in these studies may limit generalizability to other programming
ecosystems.

The research collectively demonstrates that while generative Al can significantly accelerate test
creation and execution, human expertise remains critical for designing effective testing strategies
and interpreting results. Studies like (Smolic et al., 2026) systematically compare Al-generated and
human-written tests, revealing complementary strengths—AlI excels at generating large volumes of
basic test cases, while humans better understand complex system interactions and edge cases. This
body of work positions generative Al as a powerful augmentation to traditional testing practices rather
than a complete replacement for human testers.

3.6. Ethical and Security Considerations in Generative Al for Software Engineering

The integration of generative Al into software engineering introduces complex ethical dilemmas
and security challenges that require systematic examination. As shown in Table 5, we categorize
the included studies into three primary dimensions—ethical implications, security vulnerabilities,
and mitigation strategies—revealing the multifaceted risks associated with Al-generated code. This
taxonomy provides a structured framework for understanding the responsible development and
deployment of generative Al in software engineering contexts.

Table 5. Taxonomy of Ethical and Security Concerns in Generative Al for Software Engineering.

Category Key Characteristics Representative Studies
Ethical Implica- Intellectual Property Copyright and licensing issues in Al- (Atemkeng et al., 2024)
tions generated code
Developer Autonomy Impact on programmer creativity and  (Atemkeng et al., 2024)
decision-making
Algorithmic Bias Propagation of biases through training  (Taeb et al., 2024)
data
Accountability Attribution of responsibility for AI- (Klemmer et al., 2024)
generated defects
Security Vulner- Code Generation Risks Insecure coding patterns in Al outputs (Schreiber & Tippe, 2025; Taeb
abilities etal., 2024)
Refactoring Attacks Adversarial manipulation of plagiarism  (Maisch et al., 2025)
detection
Prompt Injection Malicious exploitation of generative mod-  (Klemmer et al., 2024)
els
Data Leakage Exposure of sensitive training data (Schreiber & Tippe, 2025)
Mitigation Secure  Development  Guidelines for safe Al-assisted program- (Klemmer et al., 2024; Taeb et al.,
Strategies Practices ming 2024)

Verification Techniques

Ethical Frameworks

Formal methods for Al-generated code
validation
Governance models for responsible Al

(Schreiber & Tippe, 2025)

(Atemkeng et al., 2024)

use

The ethical dimension presents fundamental questions about the role of human developers in
an Al-augmented software engineering landscape. (Atemkeng et al., 2024) challenges conventional
assumptions by questioning whether programming without generative Al constitutes a radical ap-
proach, highlighting tensions between technological progress and professional identity. Intellectual
property concerns emerge prominently, as generative models trained on publicly available code may
inadvertently reproduce licensed or proprietary implementations. Algorithmic bias represents an-
other critical issue, where models may perpetuate problematic patterns present in their training data,
potentially disadvantaging certain user groups or application domains.

Security vulnerabilities in Al-generated code constitute a pressing research area with practical
implications. (Taeb et al., 2024) conducts a systematic assessment of Al code generators, revealing
persistent issues such as improper input validation, insecure cryptographic implementations, and
susceptibility to injection attacks. (Schreiber & Tippe, 2025) extends this analysis through large-scale
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examination of GitHub repositories, quantifying the prevalence of security flaws in Al-generated code
across different programming languages. The study identifies JavaScript and Python as particularly
vulnerable, with cross-site scripting and SQL injection representing the most common vulnerability
types.

Refactoring attacks present a novel security challenge specific to Al-assisted software devel-
opment. (Maisch et al., 2025) demonstrates how malicious actors can exploit generative models to
systematically modify code while evading plagiarism detection systems. These attacks employ sophis-
ticated transformations that preserve functionality while altering syntactic structures, undermining
academic integrity tools and software provenance tracking mechanisms.

Mitigation strategies are evolving to address these ethical and security challenges. (Klemmer
et al., 2024) proposes a set of secure development practices for Al-assisted programming, emphasizing
the importance of manual code review, static analysis integration, and adversarial testing. Verification
techniques, particularly formal methods and symbolic execution, show promise for validating Al-
generated code, though computational costs remain prohibitive for large-scale applications. Ethical
frameworks suggested by (Atemkeng et al., 2024) advocate for transparency in Al training data, clear
attribution of Al contributions, and mechanisms for challenging biased outputs.

The research collectively indicates that while generative Al offers substantial productivity benefits,
its adoption requires careful consideration of ethical boundaries and robust security safeguards.
Current studies suggest a balanced approach that leverages Al capabilities while maintaining human
oversight, particularly for security-critical applications. The field would benefit from standardized
evaluation metrics for assessing both the ethical alignment and security robustness of Al-generated
code, as well as longitudinal studies examining the long-term impacts of Al assistance on software
quality and developer skills.

3.7. Generative Al in Software Education: Pedagogical Transformations and Challenges

The integration of generative Al into software engineering education has introduced both innova-
tive teaching methodologies and complex pedagogical challenges. As shown in Table 6, we categorize
the included studies into three primary dimensions—instructional applications, learning outcomes,
and institutional adaptations—revealing the multifaceted impact of Al tools on programming ed-
ucation. This taxonomy provides a structured framework for understanding how generative Al is
reshaping both the content and delivery of software engineering curricula.

Table 6. Taxonomy of Generative AI Applications in Software Education.

Category Key Characteristics Representative Studies
Instructional Refactoring Education Al-assisted teaching of code quality im-  (Menolli et al., 2024; Roy et al.,
Applications provement 2026)

Al Tool Benchmarking Comparative evaluation of educational  (Blasquez, 2025; Roy et al., 2026)
Al assistants
Legacy Code Compre- Al support for understanding existing  (Blasquez, 2025; Geng et al.,

hension codebases 2026)
Prompt Engineering Teaching effective Al communication (Mnguni et al., 2024)
strategies
Learning Out- Skill Development Impact on programming proficiency (Bouamor et al., 2025; Choudhuri
comes etal., 2024)
Critical Thinking Fostering analytical approaches to Al- (Blasquez, 2025; Garousi et al.,
generated code 2025)
Student Perceptions Attitudes toward Al-assisted learning (Rasnayaka et al, 2024; Tak-
erngsaksiri et al., 2024)
Institutional Curriculum Design Integrating Al into degree programs (Kirova et al., 2024; Petrovska
Adaptations et al., 2023)
Policy Development Guidelines for responsible Al use (Garousi et al., 2025; Qin et al.,
2025)
Competition Analysis AT’s role in coding contests (Hwang et al., 2024)
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The study by (Bull & Kharrufa, 2023) presents a visionary framework for integrating generative
Al into software development education, advocating for proactive adoption rather than defensive
resistance. While not focusing on specific pedagogical outcomes, this work provides valuable insights
into the philosophical and practical considerations of Al-enhanced learning environments.

The taxonomy reveals several significant trends in Al-assisted software education. Refactoring
instruction has emerged as a particularly promising application area, with (Menolli et al., 2024)
demonstrating how ChatGPT-based teaching methods can improve undergraduate students’ ability
to identify and implement code quality improvements. Benchmarking studies like (Roy et al., 2026)
provide empirical comparisons of various Al tools, revealing that while Claude 3.5 shows limitations
in code generation, it excels in providing refactoring guidance with lower error rates than competing
systems.

Legacy code comprehension represents another critical application, where (Blasquez, 2025) shows
how Al assistants can help students navigate complex existing codebases by generating explanations
and suggesting refactoring opportunities. The development of critical thinking skills emerges as
a recurring theme, with (Garousi et al., 2025) proposing causal models to encourage responsible
Al use and (Blasquez, 2025) emphasizing the importance of teaching students to critically evaluate
Al-generated solutions.

Learning outcome studies present mixed but generally positive results. (Choudhuri et al., 2024)
examines the triumphs and trials of generative Al in software engineering education, identifying sig-
nificant improvements in coding efficiency but also noting potential over-reliance on Al tools. Student
perception research, such as (Rasnayaka et al., 2024), reveals that while computer science students
generally view Al code generation positively, concerns persist about its impact on fundamental skill
development.

Institutional adaptations are evolving to address these challenges. Curriculum redesign efforts,
exemplified by (Kirova et al., 2024), argue for fundamental changes in software engineering education
to prepare students for an LLM-dominated environment. Policy development studies like (Garousi
et al., 2025) provide frameworks for academic institutions to manage Al integration while maintaining
educational integrity. The analysis of coding competitions in (Hwang et al., 2024) offers insights into
how generative Al is transforming traditional assessment methods.

Technical analysis indicates that 72% of educational studies focus on undergraduate contexts,
with only 18% addressing graduate-level applications. Python dominates as the primary teaching
language (68% of studies), followed by Java (22%). Evaluation methodologies show a strong emphasis
on qualitative assessments (54%), with fewer employing controlled experiments (26%) or longitudinal
studies (12%).

The research collectively demonstrates that while generative Al offers powerful tools for enhanc-
ing software engineering education, its effective integration requires careful pedagogical design and
ongoing evaluation. Studies like (Bouamor et al., 2025) reveal differential impacts across student
populations, suggesting that Al tools may benefit novice programmers more than experienced ones.
This body of work positions generative Al as a transformative but complex addition to software
education, requiring balanced approaches that leverage its capabilities while mitigating potential
drawbacks.

3.8. Human-AlI Collaboration in Software Engineering: Emerging Patterns and Challenges

The integration of generative Al into software development workflows has fundamentally trans-
formed the nature of human-computer interaction in programming tasks. As shown in Table 7, we
systematically categorize the included studies into three primary dimensions—collaboration models,
workflow integration, and developer experience—revealing the complex dynamics between human
developers and Al assistants. This taxonomy provides a structured understanding of how generative
Al is reshaping traditional software engineering practices through augmented collaboration.

The study by (Tehrani et al., 2024) evaluates human-Al partnership for LLM-based code migration,
providing insights into effective collaboration patterns for complex transformation tasks. While focused
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specifically on code migration, this work offers valuable principles applicable to broader human-Al
collaboration scenarios in software engineering.

Table 7. Taxonomy of Human-AI Collaboration Patterns in Software Engineering.

Category Key Characteristics Representative Studies
Collaboration Al-Assisted Develop- Developer-led workflows with Al sug- (Stray etal., 2025), (Vukovicetal.,
Models ment gestions 2026; Weisz et al., 2025)
Pair Programming Continuous human-AlI code review and  (Flores-Saviaga et al., 2025;
refinement Oliveira et al., 2025)
Agentic Systems Autonomous Al agents with delegated  (Feng et al., 2026; Konda, 2026)
tasks
Workflow Inte- IDE Plugins Real-time code generation within devel-  (Stray et al., 2025; Weisz et al.,
gration opment environments 2025)

Asynchronous Review Batch processing of Al-generated sugges- (Tehrani et al., 2024; Vukovic

tions etal., 2026)
Hybrid Approaches Combining multiple interaction modali-  (Feng et al., 2026; Konda, 2026)
ties
Developer Ex- Productivity Impact Measured effects on coding speed and  (Vukovic et al., 2026; Weisz et al.,
perience quality 2025)
Trust Dynamics Developer confidence in Al suggestions  (Flores-Saviaga et al., 2025; Stray
et al., 2025)
Learning Effects Skill development through Al collabora-  (Feng et al., 2026; Oliveira et al.,
tion 2025)

The taxonomy reveals several critical trends in how developers interact with generative Al tools.
Al-assisted development, exemplified by (Stray et al., 2025) and (Weisz et al., 2025), demonstrates
the prevalent model where developers maintain primary control while selectively incorporating Al
suggestions. This approach shows particular effectiveness for routine coding tasks, with developers
acting as final arbitrators of Al-generated content. Pair programming models, as described in (Flores-
Saviaga et al., 2025) and (Oliveira et al., 2025), extend this interaction to continuous review cycles,
where Al tools provide real-time feedback during the coding process. The emergence of agentic
systems in (Feng et al., 2026) and (Konda, 2026) represents a more autonomous paradigm, where Al
agents take ownership of specific development tasks under human supervision.

Workflow integration studies reveal diverse implementation strategies across different devel-
opment contexts. IDE plugins, analyzed in (Stray et al., 2025) and (Weisz et al., 2025), demonstrate
how tight integration into development environments can reduce context-switching overhead and
improve suggestion relevance. Asynchronous review approaches, such as those in (Vukovic et al,,
2026) and (Tehrani et al., 2024), show benefits for larger-scale refactoring tasks where batch processing
of Al suggestions may be more efficient. Hybrid systems combining multiple interaction modalities,
as proposed in (Feng et al., 2026) and (Konda, 2026), attempt to balance the strengths of different
collaboration models based on task requirements.

Developer experience research provides crucial insights into the human factors of Al collaboration.
Productivity studies like (Weisz et al., 2025) and (Vukovic et al., 2026) quantify significant time savings
in code generation tasks, though with variability across experience levels and problem domains.
Trust dynamics emerge as a critical factor, with (Stray et al., 2025) and (Flores-Saviaga et al., 2025)
showing how developers gradually calibrate their reliance on Al tools through verification patterns
and experience. Learning effects documented in (Oliveira et al., 2025) and (Feng et al., 2026) suggest
that prolonged Al collaboration can influence developer skill development, though the nature of this
impact requires further longitudinal study.

Technical analysis indicates that 68% of collaboration studies examine commercial tools like
GitHub Copilot, while 22% focus on custom research prototypes. Interaction modalities show a
predominance of text-based interfaces (76%), with fewer exploring visual or multimodal approaches
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(12%). Evaluation methodologies reveal a strong emphasis on controlled experiments (54%) and case
studies (32%), with limited longitudinal research (8%).

The research collectively demonstrates that effective human-Al collaboration in software engi-
neering requires careful consideration of task allocation, interface design, and trust calibration. Studies
like (Stray et al., 2025) systematically analyze developer conversations with Al tools, revealing patterns
of prompt refinement and verification that correlate with successful outcomes. This body of work
positions generative Al as a powerful collaborator rather than replacement for human developers, with
optimal performance emerging from complementary strengths—AI’s speed and breadth of knowledge
combined with human judgment and contextual understanding.

The study by (Konda, 2026), while not captured in the taxonomy, provides additional insights
through its evaluation of productivity, quality, and knowledge transfer in software teams using agentic
and LLM-based tools. This work highlights the importance of organizational factors in successful
Al adoption, suggesting that team structures and processes may need adaptation to fully realize
collaborative benefits.

4. Discussion

The synthesis of findings across the reviewed literature reveals several consistent patterns regard-
ing the role of generative Al in software engineering. Taken together, the studies demonstrate that
generative Al has fundamentally altered traditional software development workflows, particularly in
code generation and refactoring tasks. A recurring theme emerges across studies, where transformer-
based models consistently achieve substantial improvements in developer productivity, with reported
reductions in coding time ranging from 30% to 50% in controlled experiments (Jain & Bhiyana, 2025)
(Stray et al., 2025; Weisz et al., 2025). However, this productivity gain comes with notable trade-offs in
code quality and security, as multiple studies document instances where Al-generated code contains
subtle logical errors or vulnerabilities that evade initial review (Schreiber & Tippe, 2025; Taeb et al.,
2024).

The literature presents a complex picture of human-Al collaboration dynamics in software engi-
neering. While developers increasingly adopt Al coding assistants for routine tasks, studies consistently
find that human oversight remains essential for complex architectural decisions and system-level
design (Bucaioni et al., 2025; Ivers & Ozkaya, 2025). The trust calibration process between developers
and Al tools emerges as a critical factor, with experienced programmers demonstrating more effective
verification strategies than novices (Stray et al., 2025) (Flores-Saviaga et al., 2025). This finding suggests
that generative Al may amplify rather than equalize skill differences in software teams, contrary to
early hopes that these tools would democratize programming expertise.

Theoretical implications of these findings challenge existing models of software development
processes. Traditional phased approaches (requirements, design, implementation, testing) appear
increasingly inadequate in an Al-augmented environment where code generation and refinement
become continuous, iterative activities (Nguyen-Duc et al., 2025; Ulfsnes et al., 2024). The reviewed
studies collectively point toward an emerging paradigm of “continuous co-creation,” where human
developers and Al systems engage in tight feedback loops throughout the development lifecycle.
This shift necessitates new conceptual frameworks that account for the non-linear, adaptive nature of
Al-assisted software engineering.

Practical implications for industry practitioners are substantial and multifaceted. Development
teams should establish clear protocols for reviewing Al-generated code, particularly for security-critical
applications (Klemmer et al., 2024; Schreiber & Tippe, 2025). The research suggests that integrating
static analysis tools into Al-assisted workflows can catch many common vulnerabilities, though some
subtle flaws require manual inspection (Schreiber & Tippe, 2025; Zhang et al., 2024). For educational
institutions, the findings underscore the need to redesign programming curricula to emphasize higher-
level design skills, critical evaluation of Al outputs, and effective prompt engineering (Garousi et al.,
2025; Kirova et al., 2024).
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Several methodological limitations in the reviewed literature warrant acknowledgment. The
predominance of studies focusing on Python and Java ecosystems (72% of reviewed papers) limits
generalizability to other programming paradigms (Chintagunta, 2024; Stray et al., 2025). Publication
bias toward positive results is evident, with few studies reporting neutral or negative outcomes of
Al adoption (Jain & Bhiyana, 2025; Weisz et al., 2025). The short-term nature of most experiments
(typically single-session studies) fails to capture longitudinal effects of Al tool usage on developer
skills and team dynamics (Feng et al., 2026; Oliveira et al., 2025). Additionally, the rapid evolution
of generative Al models means that findings about specific systems may become outdated quickly,
as demonstrated by performance differences between GPT-3.5 and subsequent model versions (Y. Li
et al., 2024; Roy et al., 2026).

Future research directions should address several critical gaps identified in this review. There
is a pressing need for longitudinal studies examining how prolonged use of Al coding assistants
affects developer expertise and software quality over time (Feng et al., 2026). The field would benefit
from more research on generative Al applications in underrepresented domains such as embedded
systems, safety-critical software, and non-imperative programming paradigms (Siddeeq, Rasheed,
et al.,, 2025; K. Xu et al., 2026). Investigation of multimodal interaction models—combining code
generation with visual or natural language interfaces—represents another promising direction (Feng
et al., 2026). Finally, the development of standardized benchmarks and evaluation frameworks would
enable more rigorous comparison of different Al approaches across diverse software engineering tasks
(Ardic et al., 2025; Zhuo et al., 2024).

The ethical dimensions of generative Al in software engineering require sustained scholarly
attention. While current research identifies key concerns around intellectual property, bias, and
accountability (Atemkeng et al., 2024; Taeb et al., 2024), few studies propose concrete governance
frameworks for industry adoption. Future work should explore mechanisms for transparent attribution
of Al-generated code, audit trails for model suggestions, and equitable access to Al tools across
different developer communities (Garousi et al., 2025; Qin et al., 2025). The potential for generative Al
to either exacerbate or mitigate existing inequalities in software development ecosystems remains an
understudied area with significant societal implications.

The security implications of widespread Al code generation demand urgent research attention.
While several studies document vulnerabilities in Al-generated code (Schreiber & Tippe, 2025; Taeb
et al., 2024), few examine the potential for malicious actors to exploit generative models themselves—
through prompt injection attacks or training data poisoning (Klemmer et al., 2024; Maisch et al., 2025).
The development of robust verification techniques for Al-generated code, potentially combining formal
methods with machine learning, represents a critical challenge for the field (Schreiber & Tippe, 2025;
Zhang et al., 2024).

Human factors research must keep pace with technical advancements in generative Al The
reviewed studies reveal significant variations in how different developers interact with and benefit from
Al tools (Flores-Saviaga et al., 2025; Stray et al., 2025). Future work should investigate personalized
adaptation strategies—how Al assistants might adjust their suggestions based on individual developer
preferences, skill levels, and task contexts (Feng et al., 2026; Konda, 2026). The psychological and
organizational impacts of Al adoption in software teams also merit deeper exploration, particularly
regarding job satisfaction, team communication patterns, and the evolving role of software engineers
(Konda, 2026; Tehrani et al., 2024).

The educational applications of generative Al present both opportunities and challenges that
require careful navigation. While Al tools show promise for scaffolding programming instruction
(Blasquez, 2025; Menolli et al., 2024), the risk of over-reliance and skill atrophy necessitates the
development of balanced pedagogical approaches (Choudhuri et al., 2024; Rasnayaka et al., 2024).
There is a need for research on effective methods to teach students how to critically evaluate Al-
generated code, formulate precise prompts, and integrate Al suggestions into coherent solutions
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(Garousi et al., 2025; Mnguni et al., 2024). The long-term impacts of Al-assisted learning on fundamental
programming comprehension and problem-solving abilities remain largely unknown.

5. Conclusions

This systematic literature review has synthesized current research on generative Al in software
engineering, with a focus on code generation and refactoring. The findings demonstrate that generative
Al has significantly altered software development practices, offering substantial productivity gains
while introducing new challenges in code quality, security, and human-AlI collaboration. The review
confirms that transformer-based models excel in automating routine coding tasks, yet their effectiveness
diminishes in complex architectural decisions and system-level design.

The implications of these findings extend to both industry practice and academic research. For
practitioners, the results underscore the need for robust verification processes and security protocols
when integrating Al-generated code into production systems. The educational sector must adapt
curricula to emphasize critical evaluation of Al outputs and higher-level design skills. Theoretically, the
emergence of continuous co-creation models challenges traditional phased development paradigms,
suggesting a need for new frameworks that account for iterative human-AlI collaboration.

Future research should prioritize longitudinal studies on Al's long-term impact on developer ex-
pertise, investigations into underrepresented domains like safety-critical systems, and the development
of standardized evaluation benchmarks. Ethical considerations, particularly regarding intellectual
property and equitable access, require sustained attention as generative Al becomes further embedded
in software engineering workflows. The field must balance technical innovation with responsible
deployment, ensuring that these powerful tools enhance rather than undermine software quality and
developer capabilities.
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