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1. Introduction

Artificial intelligence (Al) has established itself as a pivotal technological advancement within the modern
digital paradigm, exerting a profound influence that transcends routine automation and extends into critical
domains such as education, scientific research, healthcare, industrial production, commerce, and public
administration [1], [2], [3]. Thanks to its capacity for autonomous learning, rapid decision-making, processing
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extensive datasets, and providing real-time support, Al is reshaping problem-solving approaches across multiple
sectors. As global digitalization accelerates, the application of Al in software engineering — a foundational
discipline that supports the information society — is garnering increasing attention [4], [5].

Intelligent systems are progressively playing a pivotal role in automating routine tasks and enhancing decision-
making precision throughout these phases [6], [7], [8]. For instance, tools like ChatGPT and GitHub Copilot
assist developers by generating code fragments and assessing algorithms [9], [10]. Moreover, machine learning
techniques facilitate defect prediction, optimize resource distribution among teams, monitor productivity
metrics, and streamline the entire software development lifecycle [11], [12], [13]. While the scientific and
engineering communities acknowledge Al’s transformative potential, practical challenges remain in effectively
integrating these technologies into everyday workflows.

First and foremost, guaranteeing the transparency and interpretability of artificial intelligence models is crucial,
particularly in safety-critical systems [14]. Many contemporary algorithms, such as deep neural networks,
function as “black boxes,” which complicates the process of validating their outputs. Additionally, challenges
arise concerning the quality and representativeness of training datasets, as well as ethical dilemmas related to
autonomous decision-making and ambiguous accountability frameworks for errors [15], [16], [17], [18]. The
incorporation of Al into existing software architectures also presents challenges, as these architectures often
lack the flexibility and adaptability required for the effective integration of machine learning techniques [19],
[20]. Although numerous research articles address the use of Al in software development, most tend to focus
on industry-specific applications. While there are in-depth investigations into specific phases of the software
lifecycle, such as testing [7], code generation [6], and requirements management [12], a comprehensive, holistic
analysis that encompasses all stages remains absent. Furthermore, there is a noticeable scarcity of systematic
classifications regarding the challenges developers encounter when applying Al in practical IT projects [8],
[21], [22].

This paper undertakes a critical examination of contemporary studies on the application of artificial intelligence
in software engineering. It underscores significant progress made in the field, examines key technical and ethical
dilemmas, and evaluates the current landscape of scholarly innovation. Through a structured and methodical
framework, the review addresses knowledge gaps in the integration of Al across all phases of software
development, setting the stage for future cross-disciplinary inquiry into intelligent software systems. The article
focuses on the following research questions:

e  What are the significant advancements achieved through the application of Al in automating and
optimizing software development processes?

e  What primary obstacles and limitations arise when incorporating Al into these development workflows?
Based on the reviewed literature, what are the existing research gaps and potential directions for future
study?

2. Research method

To achieve the goal of evaluating and consolidating contemporary methodologies for implementing artificial
intelligence in software engineering, a structured review of existing scholarly literature was conducted. This
methodology was chosen due to the relevance of the topic, its interdisciplinary nature, and the rapid
advancement of Al technologies, all of which necessitate a well-structured and in-depth academic analysis. In
contrast to traditional reviews, systematic reviews adhere to a predefined methodology for locating, evaluating,
and synthesizing relevant research, thereby enhancing the objectivity, comprehensiveness, and reproducibility
of their results. The literature search encompassed leading international academic databases, including IEEE
Xplore, SpringerLink, Scopus, Google Scholar, and the ACM Digital Library. The search was conducted using
targeted keywords such as “artificial intelligence in software development,” “Al-driven programming,”
“machine learning in code generation,” “Al in software testing,” “automated debugging using Al and
“generative Al in software engineering.” The timeframe for included publications ranged from 2019 to 2025,
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focusing on recent works that capture the latest advancements related to generative models and deep learning
techniques. Inclusion criteria were: (1) English-language scientific articles; (2) peer-reviewed conference or
journal publications of high academic quality; (3) studies presenting clear methodologies or empirical data on
Al applications within the software development lifecycle. Exclusion criteria ruled out review articles lacking
transparent methodologies, publications from non-verified sources, and duplicates. From over 300 initially
identified sources, 60 pertinent publications were selected. According to the PRISMA flowchart, only a portion
of the identified sources passed the screening stages and were included in the final analysis, demonstrating the
thoroughness and systematicity of the selection procedure. These encompassed practical implementations,
theoretical foundations, methodological frameworks, and empirical research. Thematic analysis revealed three
primary domains: first, progress in automating software lifecycle processes, including code generation,
automated testing, defect identification, and continuous integration/continuous deployment (CI/CD); second,
technical and ethical challenges in Al adoption, such as model interpretability, reliability, transparency in
decision-making, and integration within existing development environments; third, research gaps concerning
standardization, regulatory frameworks, and interdisciplinary collaboration across engineering, ethics, and legal
perspectives in Al system development

The selection procedure included several phases. Initially, sources were assessed by title and annotation. A full-
text review was then conducted to determine final inclusion in the sample. The procedure is visualized in the
PRISMA flowchart (Figure 1), which details the stages of filtering and justification for the selection.
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Figure 1. PRISMA flowchart

To deepen the examination of the selected materials, content analysis was employed, enabling the detection of
recurrent patterns, thematic clusters, and areas lacking conceptual coherence. The analysis showed three
dominant directions: (1) achievements in software life cycle automation (code generation, testing, CI/CD); (2)
technical and ethical barriers (explainability, integration, responsibility); (3) interdisciplinary challenges (lack
of regulatory framework, interaction of engineering and humanitarian components). Zotero was used to organize
and manage bibliographic data, providing systematic storage, creation of tagged content, and automatic
generation of bibliographies by publication standards. This helped to manage a wide range of sources
effectively, cite cross-references, and quickly include scientific references in the text. The adopted research
strategy enabled a well-founded consolidation of scholarly viewpoints regarding the use of artificial intelligence
in software engineering, thereby providing a robust basis for analytical evaluation, integrative conclusions, and
the delineation of promising pathways for future interdisciplinary exploration in the field.
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3. Results
3.1. Results on Al achievements in software development

The review of existing literature highlights the significant impact of artificial intelligence on all essential stages
of the software development process. Research findings demonstrate the effective integration of intelligent
solutions in areas such as requirement elicitation, system architecture planning, automated coding, continuous
integration and deployment, software validation, and post-deployment support. A particularly noteworthy
development involves the use of natural language processing techniques to analyze user narratives and technical
documentation, which helps reduce specification errors and improve the precision of business logic
representation [8]. Tools like IBM DOORS NG facilitate the automated analysis of software requirements,
thereby improving the consistency between documented specifications and their technical implementation.
Significant strides have also been made in the code generation phase. A prominent example is GitHub Copilot,
which leverages large language models to generate complete code snippets from comments or partial code
inputs, effectively reducing development time and decreasing syntax and template errors. Additionally, other
Al-powered tools such as Amazon CodeWhisperer and Tabnine are widely adopted in development
environments, accelerating code writing in languages including Python, JavaScript, and Java.

In the testing industry, there is increasing pressure to automate tasks using machine learning. Tools like
Testim.io and Diffblue Cover use NLP and ML to generate unit tests, perform regression testing, and identify
error-prone code sections, reducing the burden on quality assurance and increasing software reliability [7].

Researchers are particularly focused on the role of Al in CI/CD processes. For example, services like Harness.io
utilize Al to detect release defects, manage resources, accelerate deployment speed, and ensure service
availability. Studies indicate a possible 15-25% reduction in release cycle times after applying these methods
[11]. As shown in Table 1, the application of artificial intelligence tools at different stages of the software
development life cycle (SDLC) allows achieving significant results: from increasing the accuracy of
specifications and reducing errors in requirements to reducing code writing time by 20—40% and automating
testing, which reduces the workload on QA by approximately 30%. As can be seen from Figure 2, the highest
level of Al use in the software lifecycle is observed at the code generation stage (over 85%), while the lowest
is at the architecture design stage (approximately 55%).

In addition, Al has demonstrated significant effectiveness in software support by predicting problems before
they occur. These models analyze historical error data, code configurations, and change logs to predict the
likelihood of problems occurring in specific modules. This approach enables the allocation of support resources
to at-risk groups more effectively [13].

The summarized results are presented in Table 1, which shows the correlation between SDLC phases, Al-based
tools, and recorded results.

Table 1. Application of Al in the phases of the software life cycle

SDLC phase Tools/Approaches Recorded results
Requirements NLP Analysis of User Stories (IBM Increase specification accuracy, reduce
Analysis DOORS NG) requirements errors

. . . . . imi hi 1 soluti h
Architecture Design  Evolutionary Algorithms for Design Optimize architectural solutions, reduce human

factors
Code Generation GitHub Copilot, CodeWhisperer Reduce code writing time by 20—40%
Testing Testim.i0, Diffblue Cover Automate tests, reduce QA time by 30%
CI/CD Harness.io, ML for DevOps Accelerate relez}saeilsuEzS'ISJS%, reduce
Support ML Models for Defect Prediction Predict critical errors before release

466



SEI Vol. 7, No. 2, October 2025, pp.463-476

According to the efficiency assessment based on the analyzed publications, the highest indicators were recorded
at the code generation (85%) and testing (80%) stages, which is confirmed by the data visualized in Figure 2.

90%
80%

70%
60%
50%
40%
30%
20%
10%

0%

Requirements Architecture  Code generation Testing Cl/cD Maintenance
analysis design

Figure 2. Al effectiveness in different phases of software development, %

During the support and CI/CD phases, the effectiveness indicators are somewhat lower but show consistent
improvement. Currently, the least compelling aspect of artificial intelligence is noticeable at the architecture
design stage due to the lack of universal integration models for complex systems. Specific publications present
divergent views regarding the practical efficacy of Al tools in real-world settings. While some empirical studies
report enhanced team productivity resulting from Al integration, others highlight challenges such as diminished
system transparency, increased complexity in debugging processes, and a heightened reliance on comprehensive
technical documentation [8], [12]. Overall, the proper integration of Al into developer support workflows leads
to increased productivity, improved code quality, and enhanced user satisfaction.

3.2. Findings on challenges and limitations in AI implementation

The study identified that integrating Al into software development processes faces multiple challenges spanning
technical, ethical, methodological, and legal domains. The complexity and interrelation of these issues make
the adoption of Al in industrial software engineering particularly challenging. Technical difficulties are
predominantly associated with the interpretability of outputs produced by neural networks. Due to the intricate
operational logic of these models, it is often unclear how specific decisions or solutions are derived,
complicating the validation process in mission-critical contexts [14]. Another major issue concerns the
variability of results when executing identical queries, especially within generative models, where minor
parameter changes can lead to significantly different outcomes. This unpredictability undermines confidence in
the reliability and consistency of Al-driven systems over time [23].

Ethical obstacles arise from the lack of trust in autonomous decisions, especially in environments where Al
performs technical and management roles. In cases where Al delegates tasks, modifies code, or suggests
solutions without proper context, the question arises: Who should be held accountable for the results? Studies
have documented cases of ambiguous procedures for determining responsibility for errors made by Al, leading
to possible legal conflicts over damages [10], [18]. Methodological problems include integration difficulties —
for example, conflicts between DevOps logic and automated changes made by Al in the pipeline [17].
Developers often note that Al, working autonomously, can generate changes that contradict team agreements
or security policies and are not easily auditable. Moreover, the success of local implementation does not
guarantee effective scalability of solutions at the level of large distributed teams or corporations, which is
especially noticeable in long-term projects [24].

The legal aspects of the issue remain one of the least formalized, although they may determine the boundaries
of Al implementation in the future. In particular, there are no established mechanisms for fixing copyright on
code created using generative models, such as Copilot or CodeWhisperer. This complicates the legal use of such

467



SEI Vol. 7, No. 2, October 2025, pp.463-476

fragments in commercial projects [18]. The issue of liability for potential damages caused by autonomous Al
actions in production systems is also not regulated [25]. As can be seen from Table 2, the main challenges of
implementing artificial intelligence in software development cover technical, ethical, methodological, and legal
aspects: from the opacity of models and the instability of their results to the problems of liability for errors and
the uncertainty of copyright on the generated code.

A systematic classification of the main challenges is presented in Table 2 below.

Table 2. Main challenges of implementing Al in software development

Call type Description Example Reference
Technical Unexplainability of models (black  Deep ngural net\yorks do not allow us [14]
box) to explain the logic of code generation.
Technical Instability of quel results with the The same queries to generative models 23]
same input data give different answers
Ethical Problem of trust in autonomous Al solutlogs are ap.phed.wnhout [10]
solutions sufficient justification
- It is impossible to establish who is
Ethical Lack of respons ibility for Al responsible for a bug in the generated [18]
solutions
code.
. . Al can modify the code without
Methodological Conflicts with DevOps/Cl considering the context of changes [17]
processes o .
within the project.
Methodological Problems of scaling Al solutions in  The tools work well loca!ly, _but do not [24]
large teams scale to the organization
Leeal Uncertainty of copyright on It is not known who owns the rights to [18]
& generated code the code created by Copilot
Leeal Lack of standards of responsibility There are no legal mechanisms for [25]
& for Al errors holding someone liable for damages

It is worth highlighting the contradictions recorded in scientific publications. Some studies show such benefits
as increased efficiency and code quality [12], [26], while others indicate such risks as reduced transparency and
complexity of verification [10], [27], [28]. This highlights the need for further research to align Al practices
with industry requirements.

3.3. Results on identified research gaps and prospects for further research

Analyzing recent academic work reveals both the advancements made and the hurdles faced in incorporating
Al into software engineering. Additionally, it highlights structural shortcomings that hinder progress in this
field. To classify these problems, a three-part typology of research gaps has been proposed, taking into account
technical (micro), organizational (meso), and regulatory-institutional (macro) aspects. This framework helps to
classify challenges and understand their interaction in practical software development. At the micro level,
focusing on technical implementation, fundamental obstacles have been observed, particularly the lack of clarity
in results when using opaque deep neural networks that function as a "black box" [14], [18].

As shown in Table 3, the problems of implementing artificial intelligence in software development manifest
themselves at different levels: from technical (micro level), related to the opacity of models and instability of
results, to organizational (meso level), related to the impact on team dynamics and methodologies, and
institutional and legal (macro level), where the lack of legal norms regarding authorship and liability for Al
errors is particularly relevant.
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This feature limited the choice of audit and created risks to the system's crucial reliability. In addition, the lack
of flexible mechanisms for integrating Al tools into object-oriented programming languages or frameworks
hinders scalability [12], [26]. In addition, generative models have shown performance fluctuations, producing
significantly different results from identical inputs for no apparent reason [27], [29]. The mesolevel
demonstrates how Al affects the organizational dynamics of work teams. An area where research lacks
understanding is the impact of Al on internal team relationships, such as role allocation, trust, and decision-
making [8], [30]. There is a lack of research examining how Al interacts with agile development approaches,
such as agile or scrum [31], [32]. The impact on collective responsibility, adaptation to automated tools, and
communication transformation in critical development teams often remains unexplored, despite its strategic
importance [33], [34].

The identified gaps at the macro level relate to regulatory and legal aspects. First, there is the lack of an agreed-
upon legal method for identifying the creators of Al-generated code [10], [22]. Currently, there is uncertainty
about who bears legal responsibility for the operation of an autonomous system, which hinders the integration
of Al into commercial products [17], [35]. Additionally, there is a lack of regulatory oversight to ensure the
transparency of data during model training, especially in corporate settings where confidentiality is crucial [19],
[36].

A summary typology of the problems above is presented in Table 3, which classifies them based on the level of
occurrence and illustrates how technical, organizational, and legal aspects interact with one another.

Table 3. Typology of unresolved issues by system levels

Level Issue

Micro level (technical implementation) Unexplainability of the models (black box problem)

Insufficient adaptation of Al tools to programming languages

Micro level (technical implementation) and frameworks

Micro level (technical implementation) Instability of the generative model results

Lack of research on the impact of Al on the distribution of

Meso level (organizational context) roles and team productivity

Lack of research on the interaction of Al with agile

Meso level (organizational context) methodology

Lack of analysis of changes in team dynamics when

Meso level (organizational context) implementing AT

Macro level (institutional and legal context) Lack of legal norms regarding the authorship of Al code

Uncertainty in the sphere of responsibility for Al errors in

Macro level (institutional and legal context) software

Table 3 demonstrates that none of the gaps is isolated — they all form a complex system of constraints and
contradictions that require not point-based but systemic solutions. Further research needs to consider the various
obstacles and adopt interdisciplinary strategies that address both the technical and socio-humanitarian aspects
of IIT implementation. Attention should be paid to the relationship between technical analysis (to improve
models, algorithms, and integration solutions), legal measures (to ensure compliance and ethics in innovation),
and teamwork research, with a focus on how Al impacts interaction, task delegation, and decision-making
processes in development settings. A complete integration of these areas can increase the efficiency and
reliability of software while facilitating its seamless integration into the organizational environment, thereby
reducing the risks associated with technology resistance, ethical issues, or legal ambiguities. Given the rapid
spread of generative Al models and their growing impact on professional practice, such methodologies should
evolve from exceptions to become the standard for understanding digital transformation in science.
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4. Discussion

Applying artificial intelligence to software development demands a comprehensive analysis that balances
practical findings with the systemic constraints consistently noted in academic discourse. This study aims to
consolidate the current scientific understanding in this domain critically, emphasizing significant achievements,
prevailing challenges, and research gaps encountered by industry professionals. Overall, the findings highlight
notable advancements in utilizing Al to optimize software performance evaluation [20] and enhance customer
service processes, reflecting substantial potential for interdisciplinary knowledge exchange [37]. Addressing
the first research question concerning principal accomplishments, there is clear evidence of improved
automation of repetitive tasks, including code generation [26], testing procedures [25], and quality assurance
within complex distributed environments [31]. These results align with the literature that characterizes machine
learning as a pivotal stage in the evolution of software development methodologies [35]. However, the adoption
of novel techniques, such as integrating large language models into programming workflows, introduces new
risks and challenges, particularly related to security, result consistency, and model governance [33].

Regarding limitations, as noted in [30], a critical barrier remains the absence of standardized frameworks to
support the sustainable integration of Al throughout the software development lifecycle (SDLC). This
observation is corroborated by review studies [32], which underscore the fragmented nature of current
approaches and the limited transferability of solutions across diverse industries. In domains such as energy
efficiency, Al also demonstrates promising capabilities, although model tuning for specific system contexts
continues to pose challenges [38]. Furthermore, an analysis of deep learning methods in software engineering,
presented in [39], reveals varying levels of model effectiveness depending on the task type, underscoring the
necessity for tool adaptation.

Concerning research gaps, emerging studies on generative testing [40] and project-based learning [41] are
beginning to address some aspects; however, many experts, including reference [27], highlight a significant lack
of generalizable insights regarding the deployment of large language models in real-world business pipelines.
Additionally, there is limited research focusing on Al’s influence on software testing methodologies [42], where
conventional techniques still predominate and Al-driven components frequently function as “black boxes” [43].
The interpretability issue, discussed in [44], undermines trust in Al-generated outcomes and restricts their
practical implementation. Similarly, study [45] illustrates a diverse range of Al applications but also points to
output instability caused by parameter adjustments. This concern is reinforced by review [46], which notes that
evaluating Al result quality remains a contentious subject.

The synthesis of these findings suggests that while Al demonstrates successes in specific areas of software
development, overall progress is uneven and marked by uncertainty. In advanced fields such as large language
model testing, results have yet to achieve widespread dissemination [47]. Consequently, engineering debt is
accumulating due to inconsistent solutions [36] and the inherent challenges of integrating Al within legacy
systems [48].

As the analysis of current research progresses, it is essential to focus on the real-world impact of employing
generative Al technologies within educational contexts and in the training of future software engineering
professionals. As noted in [34], incorporating systems like ChatGPT and GitHub Copilot into the learning
environment helps students grasp program structure and enhances their critical thinking capabilities. This
highlights the value of generative Al not only as a technical asset but also as a pedagogical instrument. However,
as pointed out in [23], a noticeable gap remains between the theoretical capabilities of large language models
(LLMs) and their actual effectiveness in software development, particularly during testing phases.

Furthermore, [24] identifies several obstacles that hinder the real-world adoption of Al-based software testing
solutions, including issues of reliability, inconsistent outcomes, insufficient training datasets, and integration
challenges within DevOps workflows. These concerns are supported by a systematic mapping study in [49],
which underlines the scarcity of empirical data on the actual impact of machine learning on software quality. In
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light of this, reference [50] proposes a revised approach to validating Al-driven solutions in software testing,
advocating for a hybrid model that combines human oversight with autonomous system capabilities.

Concerns have also been raised regarding overdependence on Al technologies. For example, [51] examines the
educational use of ChatGPT and warns of a growing reliance on generative models, which alter the traditional
cognitive interaction between developers and algorithms. This phenomenon calls for deeper investigation.
Moreover, reference [28] illustrates the heterogeneity of standards in Al testing practices, ranging from open-
source frameworks to proprietary enterprise solutions. This lack of uniformity complicates cross-study
comparisons and hinders the development of consistent, standardized methodologies.

A comprehensive evaluation of Al integration into high-risk systems is presented in [52], where researchers
emphasize the need for unified testing strategies for Al modules, particularly in critical domains such as
autonomous vehicles [53]. They argue that conventional testing approaches fail to account for the distinctive
characteristics of Al behavior and suggest the use of adaptive methods, such as real-time simulation and rare-
event scenario modeling, to address this limitation. Reference [54] goes further, calling for the development of
an entirely new testing paradigm tailored to the stochastic nature of Al systems. The authors contend that
traditional test case construction, based on deterministic software expectations, is incompatible with the
probabilistic outputs of modern Al models. Addressing this discrepancy requires both technical innovations and
a rethinking of software engineering and validation methodologies.

Reference [55] emphasizes the unreliability of Al planning in real-world conditions. Recent studies have shown
that this problem remains relevant, highlighting that even small changes in input data can significantly alter the
initial decision, a crucial factor for real-time systems, such as aviation or medical software. This finding
becomes even more critical with the advent of autonomous decision-making systems, underscoring the need to
test models under complex, dynamic operating conditions.

Finally, reference [56] suggests the use of search-augmented generation (RAG) for context-aware code
generation as a promising approach that combines Al Copilot capabilities with flexible knowledge structures.
This signals a shift from specialized models to tailored solutions applicable to all stages of the SDLC. In
comparing our findings with prior research, the relevance of the identified challenges and research gaps is
further validated. Nonetheless, the analysis reveals that scholarly understanding of the long-term consequences
of Al integration in software development remains at a formative stage.

Artificial intelligence can be integrated into software and hardware modules to enhance testing technologies in
mining engineering [57]. Moreover, big data has emerged as a pivotal asset, empowering businesses to extract
actionable insights, streamline operations, and make informed decisions [58]. In addition, artificial intelligence
transforms marketing strategies by enabling automation, personalization, and predictive analytics [59].
Furthermore, fuzzy logic methods are widely applied in artificial intelligence to support decision-making under
uncertainty [60]. The software development process encompasses multiple stages, including planning, design,
coding, testing, deployment, maintenance, and updates, and in this context, VR testing has made an impact on
human—system interactions through its realism, which has helped to increase the accuracy of usability testing
[61]. Finally, integrations of innovative technologies like 10T, big data, Al, 5G, and robotics enable smart
aquaculture to mechanize and optimize real-time surveillance, supporting data-driven decision-making and
efficiency [62]. Consequently, these examples collectively illustrate that the integration of Al and other
advanced technologies significantly enhances efficiency, decision-making, and innovation across diverse
domains.

This review systematizes existing approaches, identifies critical areas of underexplored research, and proposes
a multi-layered typological framework to support future interdisciplinary inquiry. On a practical level, the
implications are multifaceted. For software practitioners, tools such as GitHub Copilot and automated testing
environments present opportunities to enhance productivity, reduce coding errors, and allocate greater focus to
complex development tasks. However, their practical use necessitates a robust comprehension of Al
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mechanisms and awareness of associated risks, including potential vulnerabilities in software security. Project
managers should evaluate their development management strategies to adapt pipelines to handle autonomous
modules, ensure clear segregation of duties, and address the need for transparency and ethical decisions under
the influence of Al. Researchers can use the review's results to identify areas with potential for future research,
with a particular emphasis on interdisciplinary research that incorporates software development across various
industries. However, it is essential to note some limitations of the review: the analysis focused primarily on
English-language peer-reviewed sources, which may not fully reflect regional or non-traditional approaches to
incorporating Al into software development. Furthermore, due to rapid technological advances, some findings
may quickly become outdated and will require updating in subsequent reviews.

5. Conclusions

The exploration of artificial intelligence applications in software development has aimed to outline current
progress, identify significant challenges, and suggest directions for future inquiry. Al technologies are now
influencing nearly every stage of the software development lifecycle—from initial requirements analysis to
long-term system maintenance. The most substantial benefits have been observed in areas such as code
generation and automated testing, where Al contributes to reduced development timelines, increased efficiency,
and a decline in error rates. Tools based on machine learning and advanced language models have demonstrated
their effectiveness in generating code structures, automating test scripts, detecting bugs, and predicting risks.

However, several obstacles persist in the seamless adoption of Al within real-world software engineering
workflows. Key technical challenges include the opacity of Al model decision-making, the complexity of
adapting intelligent solutions across diverse application domains, and the difficulty of harmonizing traditional
development frameworks with autonomous Al-driven processes. In parallel, ethical and legal concerns emerge,
such as trust in machine-generated code, accountability for defects, and ownership of Al-produced content.

Despite the growing volume of scholarly literature in this field, notable research gaps remain. These include
understanding Al’s influence on agile team collaboration, developing standardized metrics for assessing Al
quality, enhancing model transparency, and addressing the legal implications of using generative technologies
in professional settings.

This review synthesizes contemporary research findings, highlights prevailing patterns and inconsistencies, and
provides a comprehensive overview of Al’s evolving role in software engineering. It not only consolidates the
current body of knowledge on Al integration but also identifies priority areas for further interdisciplinary
research. Notably, comparative empirical studies evaluating the effectiveness of Al tools in various
collaborative environments show encouraging outcomes. In addition, ongoing investigations are focusing on
explainable Al methods tailored for software development, ethical frameworks for generative models, and the
formulation of regulatory standards to guide the use of intelligent systems in software production.
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