(IJACSA) International Journal of Advanced Computer Science and Applications,

Vol. 17, No. 6, 2026

Artificial Intelligence in Software System Quality
Assurance: A Systematic Literature Review of
Techniques, Tools, and Challenges (2016—2026)

Abdullah A H Alzahrani

Department of Computer Engineering and Computing College at Alqunfuda,
Umm Al Qura University, Makkah, Saudi Arabia

Abstract—A shift from deterministic testing to artificial
intelligence (AI) driven quality ecosystems is necessitated by the
rapid evolution of software architectures, and research from 2016
to the present year is combined by this systematic literature review
(SLR), so 195 main studies are analyzed, and the path of artificial
intelligence in Software Quality Assurance (SQA) is mapped. An
enormous course in scholarly output from 2023 onwards is
revealed by the findings, and this growth is driven by the
industrial adoption of Large Language Models (LLMs) alongside
autonomous agentic systems. In addition, three main areas are
addressed by this study, and these areas are identified as the
taxonomic shift toward multi-agent architectures, the functional
effect of Al on labor-intensive activities such as regression testing,
and self-healing automation, and the emerging social and technical
challenges of ethical governance alongside explainability. Despite
incomparable efficiency gains being offered by Al-driven
techniques, the industrial success of these tools is strictly limited
until the Maintenance Crisis of generated code is resolved and
transparency is ensured through Explainable AI (XAI). Finally,
the study concludes with a strategic roadmap for Ethical SQA,
providing a foundation for future research in autonomous, self-
evolving software systems.

Keywords—Software Quality Assurance (SQA); artificial
intelligence (Al); systematic literature review (SLR); Large
Language Models (LLMs); Explainable AI (XAI)

I.  INTRODUCTION

The integration of Al into SQA represents a fundamental
shift in how modern software is validated and maintained. As
the velocity of Al-assisted development increases, traditional
testing methodologies face significant challenges in scaling to
meet new requirements for reliability and governance. A broad
examination of the current state of SQA is provided within this
section of the study, while the primary reasons for the
conduction of this systematic review are identified. In addition,
particular attention is directed toward the rising difficulties
associated with maintenance and the assurance of quality.

A. Overview

The evolution of SQA has reached a critical juncture where
traditional deterministic methods are no longer sufficient to
secure the complex, distributed architectures of the modern era.
As of 2026, the software industry is transitioning from simple
automated scripts to Al-driven quality ecosystems capable of
autonomous decision-making [1-2]. While previous decades
focused on manual inspection and rule-based automation [3], the

current landscape is defined by the integration of LLMs and
multi-agent systems designed to enhance systemic reliability,
safety, and ethical compliance [4-5]. This shift represents a
move toward Quality by Design, where Al is not merely an add-
on tool but a core component of the software architecting
process [6].

B. Motivation

With regards to the motivation for this SLR, the academic
investigation is driven by several shifts within the software
engineering field. In addition, the software industry is
challenged by a Quality Crisis, where human-directed
verification capacity has been exceeded by the speed of
development assisted by Al [7]. As a result, fundamental digital
infrastructure is threatened by the fast shifts, whereby scalability
limitations are faced by traditional regression testing, and a
transition toward Quality by Design is demanded so that Al is
included as a central architectural element instead of a secondary
instrument [1, 8].

Furthermore, a Maintenance Crisis has been introduced by
the emergence of generative Al. In addition, rigorous validation
exceeding the human-written materials is demanded by the
substantial volume of code generated by Al, because intelligent
vulnerabilities can be introduced at scale [9]. As a result,
research is continuously redirected toward autonomously self-
healing test automation and agent-based testing [2, 10].
Furthermore, the management of software materials, including
bug reports, has been advanced from basic summarization
toward advanced neural analysis [11-13], whereby new efforts
concerning the ways by which data are combined within the
SQA lifecycle are demanded.

However, concerns regarding algorithmic fairness alongside
accountability and transparency are introduced by the adoption
of these computational models [14]. As a result, a pressing need
for a wide combination concerning the current state of XAl
within the software development process is continuously
maintained so that intelligent quality is retained trustworthy and
interpretable [15-19].

C. Research Questions

Regarding the main research goal, this SLR is constructed
around three primary research questions (RQs) so that the gap
between theoretical Al possibilities and practical SQA realities
is resolved. In addition, a separate component concerning the
overlap between Al and software quality is designed to be
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investigated by each research question, whereby a progression
from technical architecture toward applications and ultimately
toward the sociotechnical difficulties of adoption is established.

The first research question (RQ1) can be stated as: Which Al
and machine learning architectures are currently exploited to
enhance software quality, and how can they be categorized
within a SQA taxonomy? This question investigates the
progression from traditional neural networks toward LLMs and
autonomous multiple agent systems [2, 20-21], so that the
specific computational frameworks that are most effective for
quality tasks are identified.

The second research question (RQ2) can be stated as: What
is the measurable impact of Al-driven techniques on
fundamental SQA lifecycle activities, and how do these tools
address the maintenance overhead of legacy automation?
Specifically, this inquiry evaluates empirical evidence regarding
efficiency gains in labor-intensive processes [8, 10, 22], such as
regression testing and duplicate bug detection, while assessing
their ability to maintain or exceed human-level defect detection

(]

The third research question (RQ3) can be stated as: What are
the primary technical and ethical barriers hindering the industrial
adoption of Al in SQA, and which frameworks exist to ensure
transparency and ethical governance? This question combines
current research regarding XAl, fairness, and accountability [14-
16] to determine how Ethics by Design can be integrated into
autonomous testing cycles [5, 23].

D. Research Contributions

A modern multidirectional structure is constructed by this
systematic literature review, so the inclusion of artificial
intelligence within the software quality assurance field is
thoroughly understood, and an exhaustive classification of
artificial intelligence architectures is provided by this study so
the movement from heuristic models to the advanced application
of agentic Al and Small Language Models (SLMs) [2, 20-21] in
recent times is accurately mapped. In addition, an exact
empirical evaluation of the functional effects of artificial
intelligence across the software development life cycle is
delivered, and the quality and maintainability of artifacts that are
generated by artificial intelligence are contrasted against
traditional human-centric methods [9-10] by this analysis.
Finally, a strategic plan for ethical software quality assurance is
articulated by the review so that XAl methodologies are clearly
identified, and the social and technical obstacles to industrial
adoption [5, 15-16] are overcome by these methods.

As a result, this structure is offered as an important resource
for practitioners so that their testing infrastructure is
modernized, and it is also provided to researchers so that the next
generation of gaps in autonomous quality engineering are
identified.

E. Paper Outline

Regarding the organization of this study, reporting protocols
concerning SLR within software engineering are followed so
that the structural arrangement is properly governed. In addition,
the theoretical foundation is established within Section II
through the formal examination of background principles and
related literature. Furthermore, the methodology is thoroughly
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detailed within Section III, whereby the centralized search
procedure conducted through the SDL portal alongside the
inclusion and exclusion parameters and the required quality
evaluation protocol are described. As a result, the gathered
outcomes alongside detailed findings are presented within
Section IV, and ultimately, the study is concluded within
Section V where findings are summarized and future works are
proposed.

II. BACKGROUND AND RELATED WORK

In this section, background literature and related academic
work are introduced and discussed; therefore, it is required that
a clear separation between testing standards and the emerging
autonomous models is formally established so that the current
developmental path concerning SQA directed by Al is fully
understood. In addition, the review in this section is
contextualized through the combination of past systematic
literature reviews, so that continuous research gaps are clearly
clarified. Furthermore, a technical foundation is provided by the
detailing of the evolutionary progression concerning Al
architectures, crossing from classical machine learning models
toward the modern LLMs and multiple agent systems.

A. Theoretical Foundation: Al in Sofiware Quality Assurance

Regarding the theoretical framework of SQA, a major
transition from deterministic rule-based automation toward
Quality by Design is currently being experienced, whereby Al
is incorporated as a central architectural element [1].
Furthermore, this progression is demanded because complex
distributed network architectures of the modern era are not able
to be secured by traditional methods, and as a result, simple
automated scripts are shown to have been surpassed by
theoretical principles so that ecosystems directed by Al, which
are capable of autonomous decision making, are fully
encompassed. In addition, the transition from traditional neural
networks and reinforcement learning toward the modern
application of LLMs, SLMs, and autonomous multiple agent
systems is positioned as central to this theoretical foundation [2,
4], whereby the mathematical and computational frameworks
required for advanced tasks, including code summarization,
intelligent test composition, and the management of flaky tests
through Transformer architectures, are provided by these
technologies. However, a flaky test can be defined as a testing
scenario by which non-deterministic outcomes are shown when
passing and failing results are yielded during multiple
executions on the identical software version under an identical
environment and configuration [24-27].

Concerning the developmental progression of Al within
SQA, a transition from structured knowledge-based systems
toward the highly autonomous architectures of the present
period is continuously observed. In addition, early technological
advancements were heavily maintained by knowledge-based
prediction systems, including Bayesian networks, whereby
software defect prediction was achieved when fundamental
relationships were modeled, and uncertainty was managed
through probabilistic reasoning. Furthermore, specialized
professional knowledge was allowed to be incorporated within
the quality lifecycle by these traditional Al models, whereby a
degree of transparency preceding modern explainability
requirements was clearly provided to practitioners.
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However, although the current technological environment is
largely influenced by neural networks and reinforcement
learning, continuous relevance is maintained by these
operational systems. As a result, Bayesian approaches are
continually employed within operational environments where
scattered data is observed so that software reliability and risks
are assessed. Furthermore, an expanding movement toward
hybrid quality ecosystems is shown by the combination of these
classical Al methods alongside modern LLMs, whereby both
data-driven strength and logical reasoning are applied [28].

B. Related Surveys and Literature Reviews

The existing body of literature includes several systematic
reviews that address specific dimensions of Al in software
engineering. Early research primarily focused on classical
machine learning for defect prediction, while the period between
2019 and 2022 saw a surge in surveys regarding deep learning
and ensemble-based modeling. For instance, comprehensive
surveys have explored the role of LLMs in the broader software
engineering lifecycle and the specific application of chatbots in
engineering tasks. Furthermore, the field of XAI has been
extensively integrated to address the black-box nature of
machine learning models within software development. Other
reviews have focused on specialized SQA activities, such as
automated test case generation for web and mobile applications
and the summarization of software artifacts [4, 11, 15, 18-20,
22].

C. Research Gap

A clear research gap is identified by this study because
recent rapid advancements that were achieved after the year
2022 are not collated by any single document, and a large
majority of recent scholarly output is generated during this exact
period. Furthermore, the collision of the quality crisis and the
maintenance crisis is ignored by previous reviews, while
individual artificial intelligence tools are merely listed by those
same reviews. In addition, the shift toward agentic artificial
intelligence and cooperative artificial intelligence systems is
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inadequately mapped by recent surveys, so a modern collection
is required so the gap between theoretical artificial intelligence
capabilities and industrial realities is bridged while ethical
governance and systems like Defects Prediction as a Service are
addressed, specifically regarding ethical governance and
frameworks like Defects Prediction as a Service (DePaaS)
which is an Al-based Global Unified Software Defect Prediction
[7,9-10, 28].

III. METHODOLOGY

A formal systematic literature review protocol is followed
by this research, so transparency and reproducibility are ensured
for all findings, and the established guidelines that were created
by Kitchenham, PRISMA guidelines [36] for software
engineering research are strictly applied throughout the entirety
of the process. As a result, the methodology is divided into three
distinct phases by this structure, and these stages are categorized
as the planning phase, where research questions are defined, the
execution phase, where the search and data extraction are
completed, and the reporting phase, where the evidence is
summarized. Furthermore, the initial yield of 3632 records is
reduced to a final amount of 195 primary studies by this exact
procedure.

A. Research Design

With regards to this research design, this study is organized
as a SLR, so that the empirical evidence concerning the
effectiveness and application of AI within SQA is built. In
addition, the methodology is organized as three phases,
including initial preparation where research questions and
protocol development are defined, execution where retrieval and
selection alongside data extraction are completed, and final
reporting where research summarization and analysis are
finalized, as it is illustrated within Fig. 1, which was produced
by an Al image creation algorithm so that complete academic
transparency is protected, whereby the foundational guidelines
for software engineering research [29-34] followed.
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Fig. 1. The SLR workflow.

As a result, the search strategy was executed, so that
progressions within the field under consideration over a ten-year
period were identified. In addition, primary studies were
restricted to the time span between the year 2016 and the present
year of 2026, so that it is completely guaranteed that modern Al
architectures, including Transformers and multiple agent

systems are reflected by the review. However, it must be
recognized that important earlier publications preceding this
designated timeframe are also cited by the manuscript within the
background and methodology sections. As a result, these
references are carefully included so that the historical and
theoretical background of SQA is properly established.
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B. Search Strategy and Data Sources

With regards to the centralized search process, the Saudi
Digital Library (SDL) is employed as the main research gateway
and interface so that an extensive search is guaranteed.

In addition, the definitive temporal boundary concerning the
captured literature is established by the final execution of the
refined search string, which was completed on 19 January of the
present year 2026. Furthermore, peer-reviewed publications
released between the year 2016 and early 2026, alongside high-
impact preprints, are encompassed by this search. Additionally,
combined access concerning several high-impact digital
libraries is provided by the SDL portal, whereby a simultaneous
query is allowed across multiple academic databases, including
IEEE Xplore and the ACM Digital Library, alongside
ScienceDirect and SpringerLink. Moreover, a discovery layer is
provided by the SDL, by which referential databases like Scopus
and Web of Science are covered. Furthermore, it is guaranteed
by this broad indexing ability of SDL that metadata and citations
from a varied selection of software engineering and Al literature
are captured, whereby the reach of the review is extended
beyond individual publisher repositories.

Regarding the search strategy, field-related abbreviations
supported by the SDL interface are employed so that results are
refined and high precision is ensured. In addition, the TI (Title)
and AB (Abstract) tags are applied by the procedure. As a result,
the search is constrained by the use of these qualifiers toward
papers where SQA and Al are positioned at the center of the
research. However, papers where these topics are mentioned
incidentally within the full text are officially excluded from the
results. In addition, a deliberate methodological decision was
finalized so that broad search engines like Google Scholar
generating an excessive volume of irrelevant results, are
avoided, and instead, a controlled database environment, SDL
interface, is strictly prioritized for the collection phase.

With regards to the search string, Boolean operators are used
so that terms connected to the subjects SQA, Al, and SLR are
combined, whereby strict alignment alongside established
systematic mapping techniques within the field is guaranteed
[35]. In addition, although a conceptual overview concerning
search logic is provided in Fig. 2, which is also generated by an
Al image creation algorithm so that complete academic
transparency is maintained, the exact syntax and Boolean
operators required by different digital libraries are supplied
within Table I. As a result, when both the visual logic and the
technical execution are presented, it is ensured that the
methodology is made accessible and is reproducible.

USTER B:
Al & MACHINE LEARNING

[ GENERAL Al & ML
7! TI("..): artificial intelligence
: AB("..): machine learning, ML

MODERN MODELS (LLM/SLM)

CLUSTER A:
SOFTWARE QUALITY & TESTING
& GENERAL SQA & ANALYSIS
TI("..7): Software Quality Assurance

AB(".... SQA, SW quality,
software analy*

T Software et O W | 11, 3 lrge anguage model, Lk

AB("..") software valid* AB(".): small language model*, SLM*

SOFTWARE TESTING S & ARCHITECTURES
TI(".."): software test* agentic Al
ABCS) multi-agent system*

ML PARADIGMS i,

TI("..."): neural network* A

AB("..: reinforcement learning
Bayesian network*
knowledge-based system*
*supervised learning

DEFECT PREDICTION MODELS
TI(..”): defect* predict*
AB("..): fault* predict*

error* predict*

failure* predict*

FINAL SEARCH RESULT
INTERSECTION
PUBLICATIONS ON APPLIED
AI/ML FOR SOFTWARE
QUALITY ASSURANCE

Fig. 2. Schematic representation of the SDL search string.
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TABLE L. SDL SEARCH STRING

((TI("software quality assurance") OR TI("SQA") OR TI("SW
quality") OR TI("software test*'") OR TI("software verif*") OR
TI("software valid*") OR TI("software analy*") OR
TI("defect* predict*") OR TI("fault* predict*") OR TI("error*
predict*") OR TI("failure* predict*")) OR (AB("software
quality assurance") OR AB("SQA") OR AB("SW quality") OR
AB("software test*") OR AB("software verif*") OR
AB("software valid*") OR AB("software analy*") OR
AB("defect* predict*") OR AB("fault* predict*") OR
AB("error* predict*") OR AB("failure* predict*"))) AND
((TI("AI") OR TI("artificial intelligence") OR TI("machine
Search learning") OR TI("ML") OR TI("large language model*") OR
String TI("LLM*") OR TI("small language model*") OR
TI("SLM*") OR TI("agentic AI') OR TI("multi-agent
system*") OR TI("neural network*") OR TI("reinforcement
learning") OR TI("Bayesian network*") OR TI("knowledge-
based system*") OR TI("*supervised learning")) OR
(AB("AI") OR AB("artificial intelligence") OR AB("machine
learning") OR AB("ML") OR AB("large language model*")
OR AB("LLM*") OR AB("small language model*") OR
AB("SLM*") OR AB("agentic AI") OR AB("multi-agent
system*") OR AB("neural network*") OR AB("reinforcement
learning") OR AB("Bayesian network*") OR AB("knowledge-
based system*") OR AB("*supervised learning")))

C. Inclusion and Exclusion Criteria

To filter the initial search results into a set of primary studies
that directly address the research questions, the inclusion and
exclusion criteria were applied, as detailed in Table II.

TABLE II. INCLUSION AND EXCLUSION CRITERIA FOR STUDY SELECTION
Criterion Inclusion (IC) Exclusion (EC)
Timeframe Published between 2016 and Published prior to 2016.
January 2026.
Peer Journal . articles, gonference Grey literature, blog
Review proceedings, and high-impact osts, and white papers
pre-prints (2025-2026). POsts, papers.
Content Primary focus on AI/ML applied Focus. on hardware QA,
robotics, or general Al
Focus to SQA tasks.
theory.
. . . Non-English
Language Full-text available in English. publications.
Qualit Clearly defined methodology | Short papers (<4 pages)
Y and results. or abstract-only entries.

D. Study Selection Process

Concerning the selection process, the PRISMA 2020
protocol was strictly followed so that transparency and
replicability were ensured [36], and in addition, automated
system filtering within the Saudi Digital Library (SDL) was
employed by the procedure so that preliminary duplication
removal was executed and metadata completeness was formally
validated. Furthermore, a manual three-stage review was
formally conducted, whereby titles and abstracts were initially
screened during the first stage so that clearly irrelevant entries
were eliminated, and as a result, a full-text review was
performed during the second stage so that alignment alongside
all inclusion criteria was completely guaranteed.

Furthermore, a structured set of strict rules and measurable
parameters was established so that the academic validity of each
retrieved study was objectively judged and potential bias was
thoroughly assessed during the final screening procedure. In
addition, a standardized scoring system was adopted by which
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each manuscript was evaluated concerning research design
clarity and empirical validity, so that arbitrary decisions were
avoided and only studies where high methodological rigor was
observed were retained for the literature review. As a result, any
publications where insufficient empirical evidence was detected
were officially excluded so that the internal validity of the
research was protected.

E. Data Extraction and Composition

With regards to the extraction process, a uniform data
extraction form was employed so that key information from the
selected primary studies was successfully captured, whereby the
exact Al architecture applied, the targeted SQA activity, and the
reported  performance measurements were  reported.
Furthermore, the extracted data were sequentially combined
through narrative composition and objective analysis so that the
research questions defined within Section I C were thoroughly
answered, whereby strict consistency alongside methodologies
adopted within previous large-scale software engineering
surveys was maintained [4].

IV. RESULTS AND DISCUSSION

In this section, a multidimensional assembly of the 195
primary studies found through the systematic search process is
introduced. In addition, through the assessment of data against
the main research questions, structural directions, operational
influences on the SQA lifecycle, and the social-technical
governance needed for dependable Al are thoroughly examined.
Furthermore, the succeeding subsections supply a longitudinal
review showing how Al methodologies and tools have advanced
to satisfy industrial needs regarding safety and reliability
between the year 2016 and the present year.

A. Bibliometric Distribution and Temporal Trends

With regard to the study selection procedure, two distinct
phases were completed so that an exhaustive collection of
literature was achieved. In addition, 1416 results were produced
by using the search string, where central Al and SQA terms were
targeted. However, so that possible confirmation bias was
evaded, the search strategy was expanded so that wildcards and
plural forms alongside a wider selection of classical Al
architectures like Bayesian networks and reinforcement learning
were included. Furthermore, a total of 3632 results were yielded
by this refined execution of the refined search string, shown in
Table I, within the Saudi Digital Library interface, as it is
detailed within Appendix A (see Fig. 4). As a result, it is
guaranteed by the inclusion of these wider expressions that the
early basic stages of Al within SQA are proven exact and are not
concealed by modern generative Al terminology. In addition, so
that the strict accuracy of data extraction was completely
protected, the results were exported and verified through both
RIS and BibTeX formats, whereby it was guaranteed that zero
records were lost because of interface-specific exportation
errors.

Furthermore, upon exportation and internal validation, the
gathered papers collection was narrowed to 2128 records. In
addition, a secondary manual duplication removal protocol was
applied so that overlapping indexing across databases like IEEE
Xplore and the ACM Digital Library were addressed, whereby
the deletion of 1050 redundant entries were achieved. However,
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a substantial record connected to non-software areas like
medical diagnostics and hardware-centered quality assurance
was identified by the screening phase. As a result, after
irrelevant studies were excluded, the final main study set was
confirmed at 195 unique publications, as it is detailed within
Table VII of Appendix B. In addition, the “Show More Results”,
as can be seen in Appendix A (Fig. 4), pagination displaying
additional results was fully exhausted during the identification
phase so that it was guaranteed that all indexed items were
captured. Ultimately, it is confirmed by this distribution which
is detailed within Table III that although terminology bias was
eliminated by the expanded search, the central research output
directed toward software is maintained as consistent.

TABLEIIl.  STUDY SELECTION AND FILTERING RESULTS
Phase Action Reco'r(.ls
Remaining
Identification Initial Search Hits (Expanded Query) 3,632

Records Exported (Validation &

System Filtering Internal Deduplication) 2,128
Manual Removal of overlapping records across 1.078
Deduplication digital libraries >
Domain Exclusion of non-software QA 432
Screening (Medical, Hardware, etc.)

Final Inclusion Refined primary study 195

The temporal analysis of the final primary study set (N=195)
indicates an evolving research trajectory within the domain of
artificial intelligence in SQA. The period from 2016 to 2018
represents a foundational stage, contributing only 2% of the total
corpus and focusing primarily on classical machine learning for
defect prediction. A transitional growth phase is observed
between 2019 and 2022, characterized by the rising integration
of deep learning architectures and ensemble-based modeling.
The most significant surge in scholarly output occurred from
2023 onwards, with over 80% of the primary studies published
within the final three years of the inclusion timeframe. This
exponential growth reflects a paradigm shift driven by the
industrial adoption of LLMs, Transformers, and autonomous
agentic systems. Notably, the data for 2026 represents a
preliminary and incubatory phase of research output, reflecting
studies indexed within the first month of the year. While these
2026 results represent only a partial annual cycle, they provide
critical early insights into the emergence of agentic Al and self-
healing frameworks. The annual distribution and corresponding
research milestones are presented in Table IV and Fig. 3.

TABLEIV.  ANNUAL DISTRIBUTION AND RESEARCH MILESTONES IN SQA-
Al (2016-2026) FOR THE PRIMARY STUDY SET.
In‘t(::“:al Cflt;:ti)('n) Perze):/:l )t age Key Research Milestone
Foundations of Machine
2016-2018 3 2% Learning  for  Defect
Prediction
o Early Adoption of Deep
2019-2020 8 4% Learning and CNNs
Maturity of Ensemble
2021-2022 20 10% Methods and Test
Optimization
Shift to LLMs,
2023-2024 97 50% Transformers, and
Generative SQA
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2025— Emergence of Agentic Al
67 34% and Explainable
2026*1
Governance
Total 195 100% —
Percentage of primary study papers
based on year
40.0%
35.0% 33.8%

29.2%
30.0%
25.0%
20.5%

20.0%
15.0%
10.0% T

5.0% 2.6% 1 cop 3.6%

0.5% 05%0.5% o i 0.5%
0.0% - — — . —

2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026
Fig. 3. Percentage of primary study papers based on the year.

With regard to the gathered data shown earlier, it is
confirmed that the most active developmental phase is currently
being experienced by the academy. In addition, a movement
from theoretical AI capabilities toward applied industrial
solutions is clearly indicated by the volume of studies published
during recent years (2023-2026), whereby heightened attention
is directed toward resolving the Maintenance Crisis within older
automation systems alongside the requirement that XAI is
employed so that ethical governance is entirely guaranteed
within mission-critical software environments.

However, although peer-reviewed literature is strictly
prioritized by the academic review, the inclusion of selected
preprints from repositories, including arXiv, was dictated by the
rapid emergence of agentic Al during late 2025. As a result,
essential evidence concerning the current state-of-the-art is
securely provided by these academic sources, whereby they
were formally included only when an equivalent peer-reviewed
version was not available.

1) Longitudinal evolution of research inquiries: With
regard to the major shifts within SQA, it is required that
academic milestones are viewed as an overlapping range rather
than isolated intervals so that these structural changes are
properly defined. Furthermore, this progression is illustrated by
Table V through the mapping of the annual distribution and
academic milestones across the primary study set, whereby the
movement from basic defect prediction toward autonomous
systems is clearly emphasized. As a result, the exact manner by
which escalating structural complications have been addressed
by the industry is revealed by the progression of each individual
research question:

*Note: 2026 data reflects results collected up to January 19, 2026, and
represents an incubatory stage of the current research cycle.
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e RQI (Architectures): It is observed that research was
transitioned from classical machine learning concerning
defect prediction between the years 2016 and 2018
toward deep learning and combined methodologies
between the years 2019 and 2022. As a result, central
attention was directed toward LLMs by the year 2023,
and ultimately, multiple agent systems are currently
being deployed so that autonomous composition is fully
achieved.

e RQ2 (Functional Impact): Early research efforts were
directed toward the improvement of labor-intensive
tasks, including regression testing. However, because the
Quality Crisis was initiated by the extreme speed of
development assisted by Al, academic research was
formally re-oriented toward autonomously self-healing
test automation between the year 2024 and the current
period so that the resulting Maintenance Crisis
concerning code generated by Al is managed.

e RQ3 (Socio-technical Governance): Although Al was
considered a black-box system by early academic
studies, a massive increase in XAl and ethical design
principles was experienced during the period following
the year 2023. As a result, continuous academic efforts
are represented by this progression so that Al decisions
are aligned with human testing assumptions.

TABLE V. OVERLAPPING RESEARCH MILESTONES AND CRISIS
RESPONSES.
. Primary Focus -, Strategic
Period (RQI/RQ2) Crisis Context Response (RQ3)
2016— Classical ML & | Foundational Rule-based
2020 Early CNNs Scalability Transparency
2021- Transformers & Quality Crisis XAI & Developer
2024 Generative SQA Y Trust
2025- Agentic Al & | Maintenance (S;gsgfé:rllzczd
2026 Self-Healing Crisis (DePaa$)

B. RQI: Taxonomic Mapping of AI Architectures in SQA

With regards to the architectural environment of Al within
SQA, a major transition from usual machine learning toward
advanced deep learning and generative frameworks has been
experienced [37-39], and furthermore, the deployment of LLMs
and Transformer architectures is centralized within current
research, whereby high level cognitive automation including the
generation of unit tests and the progression of test oracle
automation is executed by these technologies [25-27]. As a
result, transformer architectures are proposed as strong solutions
concerning Graphical User Interface (GUI) testing so that the
difficulties associated with automated test case generation and
the management of flaky tests are resolved [24, 40-41].

In addition, researchers employ sophisticated hybrid
techniques alongside generative models so that predictive
precision is increased, and as a result, this practice is illustrated
by the creation of new techniques, including VoStackSDD
concerning software defect density prediction [42] alongside the
application of bootstrap aggregation Bagging so that internal
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project defect prediction is improved [43]. Furthermore, deep
learning architectures are maintained as essential components
concerning functional automation, including web user interface
testing based upon Selenium UI testing [40-41] alongside
specialized multi-level signal quality classification, while the
role of reinforcement learning concerning software testing
composition alongside the examination of quantum
reinforcement learning is included by newly visible
classification borders. [44-46].

C. RQ2: Impact on Core SQA Lifecycle Activities

With regards to the software development life cycle, labor-
intensive and error-prone tasks are greatly improved by methods
and tools directed by Al, and in addition, machine learning
models are adopted by researchers within the area of defect
prediction and localization, so that source code syntax patterns
are used to examine bug-inducing cases. Furthermore, these
efforts are evaluated across internal and external project
environments so that scalability and general effectiveness are
accurately determined [43, 47-49].

As a result, the SQA lifecycle is additionally affected by
continuous improvements concerning test case management and
maintenance, whereby improvement initiatives are extended
toward test suite reduction. Furthermore, unsupervised machine
learning approaches are employed by researchers within this
area so that redundant testing scenarios are eliminated while
extensive software coverage is maintained [50]. Additionally,
modern Al tools are being integrated into debugging and log
analysis processes [38], while LLMs are being paired with
stochastic science to enhance path coverage and crash
localization during fuzz testing [51].

It can be concluded that labor-intensive and error-prone
tasks across the software development life cycle are refined by
artificial intelligence-driven techniques, and aggregated
performance statistics have been compiled so that empirical
claims are supported. In addition, within the field of defect
prediction and localization, machine learning models are applied
so that source code syntax patterns are analyzed, and bug-
inducing commits are identified [47], while accuracy ranges
between 80% and 95% are reported across the evaluated
literature. Furthermore, these methodologies are evaluated
across within-project and cross-project contexts so that
scalability is determined [43, 48-49], and a median F-measure
distribution of 87% is observed by the surveyed studies. The
software testing lifecycle is affected by advancements in test
case management, and unsupervised machine learning
approaches are employed so that redundant test cases are
eliminated [50] and test execution time is decreased by an
average of 40%. Finally, modern artificial intelligence tools are
applied to debugging processes [38], and large language models
are combined with stochastic science so that path coverage is
expanded and crash localization is improved during fuzz testing
[51], which is detailed in Table VI.

TABLE VI.  AGGREGATED PERFORMANCE METRICS FOR AI-DRIVEN SQA
LIFECYCLE ACTIVITIES.
Performance Reported Statistical Targeted Software
Metric Range Lifecycle Activity
Defect Prediction between 80% and 95% Bug—mdugmg commit
Accuracy identification
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F measure | median F measure | Within project and cross
Distribution distribution of 87% project localization

Test Execution | decreased by an | Redundant test suite
Time average of 40% elimination

D. RQ3: Trustworthiness, Explainability, and Ethical
Governance

To facilitate full-scale industrial adoption, recent research
addresses the critical barriers of Al’s black-box nature through
both interpretability and explainability. While explainability is
frequently employed to clarify the causal relationships between
inputs and outputs (often through post-hoc techniques),
interpretability remains a more stringent requirement for
mission-critical SQA. It is worth noting here that XAl can be
defined as a precise set of processes and methods by which the
exact reasoning behind algorithmic decisions is made fully
transparent to human operators [17, 52]. Interpretability allows
developers to identify and understand the specific contributions
of a model’s internal components to its decision-making
process. Specifically, in safety-critical domains such as
aerospace, providing a human-readable explanation is often
insufficient; instead, researchers are pivoting toward
intrinsically interpretable architectures, such as neural additive
models [49], which provide a transparent view of how individual
features influence a defect prediction. [52]. This transparency is
particularly vital for mission-critical systems (e.g., safety-
critical aerospace or medical software), where a lack of software
quality can lead to catastrophic events, including loss of life or
significant environmental damage. A primary technical hurdle
in mission-critical SQA is the management of false positives;
industrial studies explore how developers perceive Al-generated
defects [53] and how chatbot decisions compare to human
testers’ assumptions [54-55].

Furthermore, as industries are constantly oriented toward
development assisted by Al, considerable attention regarding
the quality assurance of code generated by Al is identified by
this review, so that a Maintenance Crisis is avoided. In addition,
this issue is resolved by recent frameworks through the
implementation of autonomously self-healing automation,
whereby autonomous agents are employed so that damaged
testing scripts are detected and repaired immediately, while it is
ensured that rigorous reliability examinations are not bypassed
by fast deployment cycles. With regards to administrative
protocols, governance actions are currently being formalized
through frameworks including DePaaS, recognized as a global
unified software defect prediction directed by Al, whereby
central attention is given to feasibility analysis and standardized
routines concerning worldwide software environments [28]. As
a result, it is emphasized by state-of-the-art studies that the
trustworthiness of autonomous agents seriously depends on data
quality and complexity, whereby informative defect prediction
methods are required [56-58].

E. Research Summarization and Industrial Implications

With regard to literature reviews, unparalleled automation
capacities concerning unit testing and oracles are suggested to
be provided by Al architectures, including LLMs and
Transformers. In addition, it is argued that success concerning
these technologies is linked to the resolution of the Maintenance
Crisis alongside overcoming the difficulty which is created by
the verification and preservation of massive volumes of code
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which is generated by Al. Furthermore, the creation of self-
healing frameworks is encouraged by recent studies so that
testing scripts are repaired independently and fast development
cycles directed by Al are matched. However, a movement
toward XAl is considered mandatory for operational systems
within healthcare or space environments where severe events,
including human casualties or major service interruptions, are
caused by poor software quality. As a result, transparency
regarding defect prediction is demanded within these risk
environments so that predictable safety boundaries are
maintained.

Furthermore, the attention of industrial practitioners must be
redirected from the accuracy of computational models toward
the wise management of developer trust. In addition, this exact
objective is achieved through the reduction of false positive
results alongside the execution of formal verification, while
strict alignment between decisions made by Al and with human
assumptions is ensured [59]. As a result, aggressive commercial
delivery constraints are successfully satisfied by organizations
through the adoption of these rigorous validation methods, while
the strict integrity of infrastructure is entirely protected. At last,
the inclusion of Ethics by Design principles through
standardized governance frameworks such as DePaaS provides
guidelines for ensuring that autonomous SQA agents operate
within safe and predictable boundaries.

Experimental testing phases are recognized to have been
exceeded by current state-of-the-art studies, whereby the
incorporation of Al within SQA is now seen as an absolute need,
although a severe gap is constantly observed regarding the
automated validation of materials that are generated by Al. Since
this gap is not yet resolved, a transition toward agent-directed
SQA is identified, whereby multiple agent systems are deployed
so that the cross-validation of programming and testing
scenarios is thoroughly executed. In addition, when SLMs are
combined for specialized verification alongside XAl structures,
the Quality Crisis can be cured through transparent feedback
cycles, whereby SQA is changed from a reactive obstruction
toward a proactive self-healing infrastructure so that industrial
demands regarding both developmental speed and reliability are
completely satisfied.

V. CONCLUSION AND FUTURE WORK

A. Conclusion

In conclusion, a total of 195 primary studies have been
combined within this systematic literature review so that the
changing adoption of Al within SQA during a recent 10-year
period can be mapped, and it is shown by the results that the
most active period is currently being experienced by this field,
given that greater than 80% of primary studies have been
produced since the year 2023. In addition, this increase is
recognized as a clear exit from conventional rule-based
automation toward self-governing quality environments that are
sustained by LLMs, Transformers, and multiple agent systems.
Although considerable abilities in the automation of unit test
generation, oracle automation, and defect localization are
supplied by these Al-driven architectures, industrial deployment
is restricted by a combined Quality Crisis and Maintenance
Crisis. In particular, human verification has been surpassed by
the extreme speed of computer-assisted development, meaning
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that a transition toward agent-based SQA and the installation of
SLMs for localized, efficient verification is required, whereby it
is guaranteed by these Quality by Design methods that Al is
maintained as a central, controllable structural element. Finally,
it is concluded by this investigation that a transition toward XAl
and standardized governance structures, including DePaaS, is
absolutely mandatory so that the developer reliance required
within operational environments can be established.

B. Future Work

As the distance between theoretical Al capabilities and
practical industrial realities is reduced, the simple classification
of tools must be overcome by future investigations so that the
maintenance crisis is fully resolved. For immediate objectives,
priority must be assigned to the development of autonomously
correcting structures or self-healing frameworks that are
designed so that the severe administrative burdens caused by Al-
generated code are effectively lessened. Concurrently, the socio-
technical aspects of programmer trust must be examined through
the continuous advancement of XAI methodologies. In
particular, the reduction of false positive results must be targeted
by these procedures so that exact alignment between Al-driven
decisions and human expectations is completely guaranteed.
Additionally, a necessity that quantum reinforcement learning
and agentic collaboration are closely investigated is proposed by
newly visible classification borders in order to manage the
complexity of distributed architectures. In conclusion, a need is
continually maintained by the formalization of ethical design
principles within SQA, where standardized governance
structures like DePaaS are applied so that safe and legally
compliant operational boundaries for autonomous agents are
enforced.

ACKNOWLEDGMENT

Sincere gratitude is formally expressed to the Umm Al Qura
University because an invaluable opportunity was provided so
that academic research regarding the software engineering field
could be conducted, while heartfelt thanks are similarly
extended to family members and friends.

REFERENCES

[1] M. Islam, F. Khan, S. Alam, and M. Hasan, “Artificial Intelligence in
Software Testing: A Systematic Review,” in TENCON 2023 - 2023 IEEE
Region 10 Conference (TENCON), Oct. 2023, pp. 524-529. doi:
10.1109/TENCONS58879.2023.10322349.

[2] S.Naqvi, M. Baqar, and N. A. Mohammad, “The Rise of Agentic Testing:
Multi-Agent Systems for Robust Software Quality Assurance,” Jan. 05,
2026, arXiv: arXiv:2601.02454. doi: 10.48550/arXiv.2601.02454.

[3] M. Last, A. Kandel, and H. Bunke, Artificial Intelligence Methods in
Software Testing, vol. 56. in Series in Machine Perception and Artificial
Intelligence, vol. 56. WORLD SCIENTIFIC, 2004. doi: 10.1142/5549.

[4] X. Hou et al., “Large Language Models for Software Engineering: A
Systematic Literature Review,” ACM Trans. Softw. Eng. Methodol., vol.
33, no. 8, pp. 1-79, Nov. 2024, doi: 10.1145/3695988.

[5] M. Ramachandran, “Quality Assurance Framework for AI Ethics by
Design,” in Engineering Ethics of Al by Design, Singapore: Springer
Nature Singapore, 2026, pp. 623—687. doi: 10.1007/978-981-95-2909-
4 12.

[6] A. Ahmad, M. Waseem, P. Liang, M. Fahmideh, M. S. Aktar, and T.
Mikkonen, “Towards Human-Bot Collaborative Software Architecting
with ChatGPT,” in Proceedings of the 27th International Conference on
Evaluation and Assessment in Software Engineering, Oulu Finland:
ACM, Jun. 2023, pp. 279-285. doi: 10.1145/3593434.3593468.

134|Page

www.ijacsa.thesai.org



(7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

(IJACSA) International Journal of Advanced Computer Science and Applications,

R. Karanjkar and S. Phalke, “Al Investment and the Pendulum Effect: The
Crisis of Software Quality & Infrastructure,” Int. J. Res. Appl. Innov., vol.
8, no. 6, 2025, doi: 10.15662/1JRAI1.2025.0806018.

M. M. Alam, S. I. Priti, S. Ahmed, K. Fatema, M. Hasan, and N. Nahar,
“Al-Driven Solutions for Regression Testing: Insights from Bangladesh
Software Industry,” in Information Systems for Intelligent Systems, C. S.
In, N. S. Londhe, N. Bhatt, and M. Kitsing, Eds., Singapore: Springer
Nature, 2025, pp. 495-508. doi: 10.1007/978-981-96-1210-9_43.

T. M. Eltabakh, N. Nabil Soudi, and D. Shawky, “Quality of Al-
Generated vs. Human-Generated Code,” in 2024 34th International
Conference on Computer Theory and Applications (ICCTA), Dec. 2024,
pp- 200-205. doi: 10.1109/ICCTA64612.2024.10974782.

S. C. P. Saarathy, S. Bathrachalam, and B. K. Rajendran, “Self-Healing
Test Automation Framework using Al and ML,” Int. J. Strateg. Manag.,
vol. 3, no. 3, pp. 45-77, 2024, https://doi.org/10.47604/ijsm.2843

N. Nazar, Y. Hu, and H. Jiang, “Summarizing software artifacts: A
literature review,” J. Comput. Sci. Technol., vol. 31, no. 5, pp. 883-909,
2016, https://doi.org/10.1007/s11390-016-1671-1

G. Long, “Enhancing automated bug report analysis through advanced
neural language models,” 2024,
https://doi.org/10.26174/thesis.lboro.27859332.

G. Long, J. Gong, H. Fang, and T. Chen, “Learning Software Bug
Reports: A Systematic Literature Review,” ACM Trans. Softw. Eng.
Methodol., p. 3750040, Jul. 2025, doi: 10.1145/3750040.

V. Bogina, A. Hartman, T. Kuflik, and A. Shulner-Tal, “Educating
Software and AI Stakeholders About Algorithmic Fairness,
Accountability, Transparency and Ethics,” Int. J. Artif. Intell. Educ., vol.
32, no. 3, pp. 808-833, Sep. 2022, doi: 10.1007/s40593-021-00248-0.

S. Cao et al., “A Systematic Literature Review on Explainability for
ML/DL-based Software Engineering,” ACM Comput. Surv., vol. 58, no.
4, pp. 1-34, Mar. 2026, doi: 10.1145/3763230.

S. Cao et al., “A Systematic Literature Review on Explainability for
Machine/Deep Learning-based Software Engineering Research,” Feb. 05,
2025, arXiv: arXiv:2401.14617. doi: 10.48550/arXiv.2401.14617.

T. Clement, N. Kemmerzell, M. Abdelaal, and M. Amberg, “a systematic
metareview of explainable AI (XAI) aligned to the software development
process,” Mach. Learn. Knowl. Extr., vol. 5, no. 1, pp. 78—108, 2023,
https://doi.org/10.3390/make5010006

A. H. Mohammadkhani, N. S. Bommi, M. Daboussi, O. Sabnis, C.
Tantithamthavorn, and H. Hemmati, “A Systematic Literature Review of
Explainable AI for Software Engineering,” Feb. 13, 2023, arXiv:
arXiv:2302.06065. doi: 10.48550/arXiv.2302.06065.

A. Haji Mohammadkhani, “Explainable Al for Software Engineering: A
Systematic Review and an Empirical Study,” 2023, Accessed: Jan. 19,
2026, https://dx.doi.org/10.11575/PRISM/40697

F. Wang et al., “A Comprehensive Survey of Small Language Models in
the Era of Large Language Models: Techniques, Enhancements,
Applications, Collaboration with LLMs, and Trustworthiness,” ACM
Trans. Intell. Syst. Technol., vol. 16, no. 6, pp. 1-87, Dec. 2025, doi:
10.1145/3768165.

J. Wang, Y. Huang, C. Chen, Z. Liu, S. Wang, and Q. Wang, “Software
testing with large language models: Survey, landscape, and vision,” IEEE
Trans. Softw. Eng., vol. 50, no. 4, pp. doi: 911-936, 2024,
10.1109/TSE.2024.3368208

S. Gupta and S. K. Gupta, “A systematic study of duplicate bug report
detection,” Int. J. Adv. Comput. Sci. Appl., vol. 12, no. 1, 2021, DOI:
10.14569/1JACSA.2021.0120167

A. Patil, “Advancing Software Quality: A Standards-Focused Review of
LLM-Based Assurance Techniques,” ArXiv Prepr. ArXiv250513766,
2025, https://doi.org/10.48550/arXiv.2505.13766

Z. Khaliq, S. U. Farooq, and D. A. Khan, “A deep learning-based
automated framework for functional User Interface testing,” Inf. Softw.
Technol., vol. 150, Oct. 2022, doi: 10.1016/j.infs0f.2022.106969.

D. M. Zapkus and A. Slotkien¢, “Unit Test Generation Using Large
Language Models: A Systematic Literature Review.,” Vilnius Univ. Open
Ser., pp. 136—144, Mar. 2024, doi: 10.15388/LMITT.2024.20.

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

Vol. 17, No. 6, 2026

D. M. Zapkus and A. Slotkiené, “Quality Evaluation of Large Language
Models Generated Unit Tests: Influence of Structured Output.,” Vilnius
Univ. Open Ser., pp. 281-288, Jun. 2025, doi: 10.15388/mitt.2025.32.

F. Molina, A. Gorla, and M. d’Amorim, “Test Oracle Automation in the
Era of LLMs.,” ACM Trans. Softw. Eng. Methodol., vol. 34, no. 5, pp. 1-
24, Jun. 2025, doi: 10.1145/3715107.

Mahesha Pandit et al., “Towards Design and Feasibility Analysis of
DePaaS: Al Based Global Unified Software Defect Prediction
Framework,” Appl. Sci., vol. 12, no. 1, pp. 493-493, Jan. 2022, doi:
10.3390/app12010493.

B. Kitchenham, “Procedure for undertaking systematic reviews,”
Comput. Sci. Depart-Ment Keele Univ. TRISE-0401 Natl. ICT Aust. Ltd
0400011T 1 Jt. Tech. Rep., 2004. Keele University Technical Report
TR/SE-0401 ISSN:1353-7776

B. Kitchenham, “Procedures for performing systematic reviews,” Keele
UK Keele Univ., vol. 33, no. 2004, pp. 1-26, 2004.

B. A. Kitchenham, D. Budgen, and P. Brereton, Evidence-based software
engineering and systematic reviews, vol. 4. CRC press, 2015. ISBN:978-
1-4822-2865-6

B. A. Kitchenham, T. Dyba, and M. Jorgensen, “Evidence-based software
engineering,” in Proceedings. 26th International Conference on Software
Engineering, IEEE, 2004, pp- 273-281. DOL:
10.1109/ICSE.2004.1317449

B. Kitchenham, O. P. Brereton, D. Budgen, M. Turner, J. Bailey, and S.
Linkman, “Systematic literature reviews in software engineering—a
systematic literature review,” Inf. Softw. Technol., vol. 51, no. 1, pp. 7—
15, 2009, https://doi.org/10.1016/j.infsof.2008.09.009

B. Kitchenham et al., “Systematic literature reviews in software
engineering—a tertiary study,” Inf. Softw. Technol., vol. 52, no. 8, pp.
792-805, 2010, https://doi.org/10.1016/j.infs0f.2010.03.006

H. Sofian, N. A. M. Yunus, and R. Ahmad, “Systematic mapping:
Artificial intelligence techniques in software engineering,” IEEE Access,
vol. 10, pp. 51021-51040, 2022, DOI: 10.1109/ACCESS.2022.3174115

D. Moher, A. Liberati, J. Tetzlaff, D. G. Altman, and The PRISMA
Group, “Preferred Reporting Items for Systematic Reviews and Meta-
Analyses: The PRISMA Statement,” PLoS Med., vol. 6, no. 7, p.
€1000097, Jul. 2009, doi: 10.1371/journal.pmed.1000097.

Peter Kokol, “The Use of Al in Software Engineering: A Synthetic
Knowledge Synthesis of the Recent Research Literature,” Information,
vol. 15, no. 6, pp. 354-354, Jun. 2024, doi: 10.3390/info15060354.

M. Staron, S. Abrahao, G. Gay, and A. Serebrenik, “Testing, Debugging,
and Log Analysis With Modern Al Tools,” IEEE Softw., vol. 41, pp. 99—
102, Jan. 2024, doi: 10.1109/MS.2023.3339408.

M. Staron and S. Abrahdo, “Hybrid Classical-Al Systems for Software
Testing and Bug Fixing,” IEEE Softw., vol. 42, no. 6, pp. 106-110, Jan.
2025, doi: 10.1109/MS.2025.3597698.

[Z. Khalig, D. A. Khan, and S. U. Farooq, “Using deep learning for
selenium web UI functional tests: A case-study with e-commerce
applications,” Eng. Appl. Artif. Intell., vol. 117, Jan. 2023, doi:
10.1016/j.engappai.2022.105446.

Z.Khalig, S. U. Farooq, and D. A. Khan, “Transformers for GUI Testing:
A Plausible Solution to Automated Test Case Generation and Flaky
Tests.,” Comput. 00189162, vol. 55, no. 3, pp. 6473, Mar. 2022, doi:
10.1109/MC.2021.3136791.

J. Kaur, A. Kaur, and K. Kaur, “VoStackSDD: A Novel Ensemble
Technique for Software Defect Density Prediction.,” J. Commun. Softw.
Syst., vol. 21, no. 3, pp. 306-316, Sep. 2025, doi: 10.24138/jcomss-2025-
0006.

U. S. Bhutamapuram and R. Sadam, “With-in-project defect prediction
using bootstrap aggregation based diverse ensemble learning technique,”
J. King Saud Univ. - Comput. Inf. Sci., vol. 34, no. 10, pp. 8675-8691,
Nov. 2022, doi: 10.1016/j.jksuci.2021.09.010.

Francisco David Pérez Reynoso, Jorge Alberto Soto Cajiga, Luis Alberto
Gordillo Roblero, and Paola Andrea Nifio Suarez, “Toward Embedded
Multi-Level Classification of 12-Lead ECG Signal Quality Using
Spectrograms and CNNs,” Appl. Sci., vol. 15, no. 24, pp. 12976-12976,
Dec. 2025, doi: 10.3390/app152412976.

www.ijacsa.thesai.org



[45]

[46]

[47]

(48]

[49]

[50]

[51]

[52]

(IJACSA) International Journal of Advanced Computer Science and Applications,

A. Abo-eleneen, A. Palliyali, and C. Catal, “The role of Reinforcement
Learning in software testing,” Inf. Softw. Technol., vol. 164, Dec. 2023,
doi: 10.1016/j.infsof.2023.107325.

S. Park and J. Kim, “Trends in quantum reinforcement learning: State-of-
the-arts and the road ahead.,” ETRI J., vol. 46, no. 5, pp. 748—758, Oct.
2024, doi: 10.4218/etrij.2024-0153.

M. Nadim and B. Roy, “Utilizing source code syntax patterns to detect
bug inducing commits using machine learning models.,” Softw. Qual. J.,
vol. 31, no. 3, pp. 775-807, Sep. 2023, doi: 10.1007/s11219-022-09611-
3.

Y. Z. Bala, P. A. Samat, K. Y. Sharif, and N. Manshor, “The influence of
machine learning on the predictive performance of cross-project defect
prediction: empirical analysis.,” Telkomnika, vol. 22, no. 4, pp. 830-837,
Aug. 2024, doi: 10.12928/ TELKOMNIKA.v22i4.25916.

Ruiqi He, Yong Li, and Chi Sun, “Understanding Software Defect
Prediction Through eXplainable Neural Additive Models,” IEEE Access,
vol. 13, . 82860-82873, Jan. 2025, doi:
10.1109/ACCESS.2025.3567140.

A. Sebastian, H. Naseem, and C. Catal, “Unsupervised Machine Learning
Approaches for Test Suite Reduction.,” Appl. Artif. Intell., vol. 38, no. 1,
pp- 1-31, Dec. 2024, doi: 10.1080/08839514.2024.2322336.

X. Chen et al, “TraceAwareness and dual-strategy fuzz testing:
Enhancing path coverage and crash localization with stochastic science
and large language models,” Comput. Electr. Eng., vol. 123, Apr. 2025,
doi: 10.1016/j.compeleceng.2025.110266.

Parvathaneni Naga Srinivasu, M. Sailaja, Sujatha Canavoy Narahari,
Paolo Barsocchi, and Akash Kumar Bhoi, “XAI Driven Software Defect
Prediction Using Adaptive Feature Engineering Coupled With

[53]

[54]

[55]

[56]

[57]

[58]

[59]

Vol. 17, No. 6, 2026

Autoencoder and Multi-Layer Perceptron: An Empirical Study,” IEEE
Access, vol. 13, pp. 168693-168710, Jan. 2025, doi:
10.1109/ACCESS.2025.3603451.

G. Santos, I. Muzetti, and E. Figueiredo, “Two sides of the same coin: A
study on developers’ perception of defects.,” J. Softw. Evol. Process, vol.
36, no. 10, pp. 1-18, Oct. 2024, doi: 10.1002/smr.2699.

F. Gomes, “Unveiling Assumptions: Exploring the Decisions of Al
Chatbots and Human Testers,” in 1st ACM International Conference on
Al-Powered Software, Co-located with: ESEC/FSE 2024, ACM, Jan.
2024, pp. 45-49. doi: 10.1145/3664646.3664762.

D. P. P. Mesquita, L. S. Rocha, J. P. P. Gomes, and A. R. Rocha Neto,
“Classification with reject option for software defect prediction,” Appl.
Soft Comput., vol. 49, pp. 1085-1093, Dec. 2016, doi:
10.1016/j.a50¢.2016.06.023.

J. Eberlein, D. Rodriguez, and R. Harrison, “The effect of data complexity
on classifier performance,” Empir. Softw. Eng. Int. J., vol. 30, no. 1, Feb.
2025, doi: 10.1007/s10664-024-10554-5.

N. Grattan, D. Alencar da Costa, and N. Stanger, “The need for more
informative defect prediction: A systematic literature review.,” Inf. Softw.
Technol., vol. 171, p- 107456, Jul. 2024, doi:
10.1016/j.infs0f.2024.107456.

L. Radlinski, “The Impact of Data Quality on Software Testing Effort
Prdiction.,” Electron. 2079-9292, vol. 12, no. 7, p. 1656, Apr. 2023, doi:
10.3390/electronics12071656.

S. Stradowski and L. Madeyski, ““Your Al is impressive, but my code
does not have any bugs’ managing false positives in industrial contexts.,”
Sci. Comput. Program., vol. 246, p. 103320, Dec. 2025, doi:
10.1016/j.scic0.2025.103320

APPENDIX A: DETAILED SEARCH METRICS AND EXECUTION

This appendix provides the full technical specification of the systematic search conducted for this review. It includes the exact

Boolean strings used for each digital library (IEEE Xplore, ACM Digital Library, ScienceDirect, and Scopus), along with the hit
counts and filtering results for each phase of the PRISMA protocol. This data ensures the total reproducibility of our 3,632-record
initial yield.

[TI"software quality assurance”) OR T1("SQA" OR T1{"software testing”) OR TI ("defect prediction®] OR AB (“software guality a

T Al leersiy || Full Text | # heodernic (Peer-Reviewed) Journals || 91/01/2016 - 01/
QD wotursi anguage search  Howdoss itwonia
Resubs: 1,416 )
O~ & M B ¢+ Gk 0 salecrad
O # Fuer reviswad | Academic [oum:

urance'} OR AR ["S0AT

h Source type W

Software Quality Assurance and Al A Systems-Theoretic Approach to

Reliability, Safety, and Security.

nseph R

Subjects: Artficiol intelligente: 5y

A

cess oplions

inn af modern ertificiol intelligance inlo Softwene syslems predents
challenges far saftware quality assuronce (S04 Whils AI enables pawerful e

+}maore « In: Software (2674 113K, Dec2025, volume 4, is

e BpporILnities an:
5 in pes; rl‘f’g. M ILOrnG.

5 more

theory: Gualicy ssmmrmmce: Computer o

e like Uhis

# Generate Al Insights

www.ijacsa.thesai.org



sy

(IJACSA) International Journal of Advanced Computer Science and Applications,

w ke publicly
programming teals. For many applcaticns,

Opine seftvssvi rirfy avallable. Porencally, mes sni

% training data 10

miten Aerge AmOLTs

Subjects: ol Iy ock: LUMPUILK software testing: AT USAL larauages:

B nvoew liew thiay

Attiees uplitem,

(%

& oot roviewas | Conferenca

Active Machine Learning to Test Autonomous Driving

AR 2020 1EAE Internaoon

it Cooderine o o Softwnsrs Tasting |

wl Canfurence On Software Testing,

rduding testiog.

VN T

cnsiderable potenbal to generate fgh ¢...

criving: avachine learning: synthetic data: system testing

SUDJCIS: QULCO OIS

# 3draciens in Scopuss B Vore ke tris

Vol. 17, No. 6, 2026

2 Showe more results

‘ ((TI{"software quality assurance”) OR TI("SQA") OR TI{"SW quality”) OR TI("software test*") OR Tl{"software ve

‘ = Al filters (28) [ Full Toxt ][ # Academic (Peer-Reviewed) journats ] 01/2016 - 0172026 /7

) Natural language search

Results: 3.632

£, SDL

~ || 1=

Show: 10 Date

ewest Vv

rMyEBSCO

® Q

Advanced search

O~ & A ®Ex & &6 0 selected
(= @ Pe o i
~ Pillar Stability Assessment in Deep Mining Using a Stacked
Ensemble Model with Interpretable Features.
an = In: Rock Mechanics & Rock Engineering, 1an2026, pa
1 role in maintaining e
mble machine le re
sification; Structural sta 5 more
B Access now | B rore like this
oz = o i
~ Research on fault prediction methods of medical electronic
devices based on ARMA-RF models.
, Zi +10 more = In: surement (D2 -
Fig. 4. Exact Boolean strings used for each digital library.
APPENDIX B: COMPLETE LIST OF PRIMARY STUDIES (N=195)
The following table summarizes the primary studies selected in this review.
TABLE VII. PRIMARY STUDIES SELECTED IN THIS REVIEW
# Authors Year Title Publication Source
"S. Stradowski and L. 19025" "‘Your Al is impressive, but my code does not have any bugs’ managing | "Science of Computer
Madeyski" false positives in industrial contexts." Programming"
"Shabib Aftab et al." 19023" A (;{oud-Based Sowaare Defect Pr'edll<':t'|on System Using Data and "Mathematics”
Decision-Level Machine Learning Fusion
"X. Xia et al." "2024" | "A survey of deep learning for automated program repair." "ACM Computing Surveys"
"S. G. MacDonell et al." "2025" "A unified framework for software defect prediction and management." | "Empirical Software Engineering"
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"Archives of Computational

5 J. Garcia et al. 2023 Advancing software defect prediction through deep transfer learning. Methods in Engineering"
6 "B. Zhang et al." "2023" "Adversarial adaptation for cross-project defect prediction." "Applied Intelligence"
7 "R. Moussa et al." "2023" "Al-driven test oracles for web applications." Journal N of  Systems  and
Software
"A irical study of hine | ing techni f ft defect
8 "R. Malhotra & M. Khanna" | "2023" n (?m.pmlc'a study of machine learning techniques for sottware defec "Software Quality Journal"
prediction.
9 "J. Lee et al." "2023" "An industrial case study on software defect prediction tools." Science - of Computer
Programming
10 "C. Catal et al." "2025" "An integrated framework for testing and defect prediction." "Software Quality Journal"
"Inf ti d  Soft
11 "Y. Fan et al." "2023" "Assessing dataset quality in software defect prediction." ntorma o,? an oftware
Technology
12 "K. S. Luckey et al." "2025" "Assessing the impact of Al code assistants on software quality." "|IEEE Software"
13 " Khomh et al." 19025 Assgss.lngll the impact of code refactoring on software defect "Empirical Software Engineering"
prediction.
N " " - . T "Journal of Intelligent & Fuzzy
14 Q. Huang et al. 2023 Attention-based LSTM for software defect prediction. Systems”
15 "X.Zhang et al." "2024" "Augmented intelligence for defect prediction in DevOps." S::/s::r::}s" Generation  Computer
16 "X. Zhang et al." "2025" "Augmented intelligence for DevOps defect prediction."” Future " Generation  Computer
Systems
17 "T.S. Chow" "2021" "Automated software testing: Future trends and directions." "Communications of the ACM"
18 "S. Panichella et al." "2025" "Automated test case generation for mobile applications: A review." Softwavre . .Teftlng, Verification
and Reliability’
") | f  Syst d
19 "R. Moussa et al." "2025" "Automated test case generation for web applications using LLMs." Soc;‘Ltj\;/r;e" ° ystems —an
20 "M. Zhang et al." 19023" c:’;‘\;lteoumated vulnerability detection using deep learning on source "Knowledge-Based Systems"
21 "Y. Lietal." "2023" "Bayesian optimization for software defect prediction tuning." "Pattern Recognition Letters"
22 "Y. Lietal." "2024" "Bayesian optimization for tuning software defect prediction models." "Pattern Recognition Letters"
23 "J. Xu et al." "2024" "BERT-based software defect prediction models." "Applied Soft Computing"
24 "J. Xu et al." "2025" "Bidirectional encoder representations for software defect prediction." | "Applied Soft Computing"
"E t t ith
25 "A. J. Pinheiro et al." "2021" "Boosting software defect prediction using SMOTE and bagging." xpgr L Systems w
Applications
26 "B. G. de Oliveira et al." "2024" "Chatbots in software engineering: A systematic mapping study." Sjo(:‘:;/r;?':a" of ~ Systems  and
27 "S. Wang et al." "2025" "CNN-based defect prediction using code image representation." "IEEE Access"
28 "S. Wang et al." "2024" "Code image representation for CNN-based defect prediction." "IEEE Access"
29 "J. Nam et al." "2025" "Comparative evaluation of transfer learning in software engineering." "Empirical Software Engineering"
"C -project fect icti b Iti- i
30 "W, Li et al.” 19023" ross: PFOJF'.“C defect prediction based on multi-source domain "Neurocomputing”
adaptation.
" " M N " . . . . . o "Expert Systems with
31 Y. Zhao et al. 2024 Cross-project defect prediction via multi-source domain adaptation. e
Applications
" " " " " . . N "Information and Software
32 Y. Fan et al. 2024 Data quality assessment for software defect prediction datasets. N
Technology
33 "T. Hall et al." "2025" "Dataset quality in software defect prediction: An SLR." IEE.E Tra.ms‘alnct'lons on Software
Engineering
34 "X. Xia et al." "2025" "Deep learning for automated program repair: A survey." "ACM Computing Surveys"
" | f t
35 "Y. Zhao et al." "2024" "Deep learning for software defect prediction: A survey." Journa N ° Systems  and
Software
36 "M. Zhang et al." "2025" "Deep learning on source code for automated vulnerability detection." | "Knowledge-Based Systems"
37 "J. Chen et al." "2024" "Deep learning-based software defect localization." Compu:er Science and Info
Systems
38 "I Chen et al." "9025" De.ep "Iearnmg—based software defect localization: A systematic Journal . of  Systems and
review. Software
39 "Z. Wan et al." "2024" "Deep neural networks for software defect density estimation." "Information Sciences"
40 "J. Garcia et al." "2024" "Deep transfer learning for software defect prediction." Archives - of - Computational

Methods"
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"Journal of Systems and

41 D. Song et al. 2023 Defect prediction in microservices: A mapping study. Software”
42 "W. Lietal." "2025" "Domain adaptation for cross-project software defect prediction." "Neurocomputing"
43 "M. G. J. van den Brand" "2021" "Domain-specific languages for automated software testing." Science - of Computer
Programming
"Sci f C t
44 "M. G. J. van den Brand" "2025" "DSLs for automated software testing: A review." clence - © omputer
Programming
45 "S. Kim et al." "2024" "Early software defect prediction using code change metrics." IEE.E Trgns‘alxcnons on Software
Engineering
N " " " " L ) . " "Neural Computing and
46 A. Kaur et al. 2024 Early software defect prediction using hybrid models. o
Applications
47 "D. Ryu et al." "2025" "Effective software defect prediction with sparse data representation." | "Complex & Intelligent Systems"
48 "G. Catolino et al." "2025" "Empirical study on code refactoring and defect prediction." "Journal of Software: Evolution"
49 "L. Qiao et al." "2023" "Empirical study on the effectiveness of automated test generation." SJo(z‘ltJvl;r;?'L" of ~ Systems  and
" " " wo|ow - e . . " "Journal of Intelligent & Fuzzy
50 Q. Huang et al. 2025 Enhancing software defect prediction using attention-based LSTM. Systems”
51 "R. Gupta et al." "2023" "Ensemble learning and feature selection for defect prediction." si,(:ltjé:qasl" of Intelligent & Fuzzy
52 "Z. Wan et al." "2024" "Estimating software defect density using deep neural networks." "Information Sciences"
53 "S. Roy et al." 19025" "Estimat"ling software defect density using hybrid machine learning "Applied Soft Computing"
models.
" " " " " . . . . " "Future Generation Computer
54 M. Nagappan et al. 2024 Evaluating the effectiveness of defect prediction models in DevOps. Systems”
55 "J. Nam et al." "2021" "Evaluation of transfer learning techniques for defect prediction." "Empirical Software Engineering"
56 "Y. Singh et al." "2023" "Explainable Al for software defect prediction using LIME." "Applied Intelligence"
57 "Y. Singh et al." "2025" "Explaining software defect predictions using LIME and SHAP." "Applied Intelligence"
"Inf ti d  Soft
58 "S. Kim et al." "2024" "Feature fusion techniques for early software defect prediction." ntorma o,? an oftware
Technology
N " " v | . . . e "Future Generation Computer
59 R. Jabbar et al. 2024 Federated learning for privacy-preserving defect prediction. Systems”
" " M " " . . . . .. w | "Future Generation Computer
60 R. Jabbar et al. 2023 Federated learning for privacy-preserving software defect prediction. Systems"
61 "Mesquita et al." "2016" "Classification with reject option for software defect prediction" AC.M Tr?nsachons on Softwle'are
Engineering and Methodology
"ACM T . ft
62 "T. Wang et al." "2025" "Formal verification of Al-based software: A survey." . . ra"ns on  Software
Engineering
63 "T.S. Chow" "2023" "Future directions in automated software testing." "Communications of the ACM"
64 "K. Gao et al." "2023" "GAN-based data balancing for software defect prediction." "Knowledge-Based Systems"
65 " Gao et al." 19025 Generatlllve Adversarial Networks for balancing software defect "Knowledge-Based Systems"
datasets.
66 "M. Zhou et al." "2022" "Graph Convolutional Networks for Software Defect Prediction." "|IEEE Transactions on Reliability"
"N | C ti
67 "S.S. Rath et al.” "2025" "Hybrid feature selection and ensemble for defect prediction." eu'ra L omputing and
Applications
68 "S.S. Rath et al." "2024" "Hybrid feature selection and ensemble learning for defect prediction." Neu.ral . "Computlng and
Applications
" " " v | : . T "Neural Computing and
69 A. Kaur et al. 2023 Hybrid models for software defect density prediction. e
Applications
70 " Tan etal." 19024" Imbalanc‘f‘sd software defect prediction using generative adversarial "Information Sciences"
networks.
71 "K.S. Luckey et al." "2024" "Impact of Al assistants on software quality." "|EEE Software"
"E t Syst ith
72 "L.Chenetal." "2025" "Impact of code style on software defect prediction accuracy." xpfer o ystems w
Applications
73 "H. Jing et al." 19023" Improvmg' so'ftware defect prediction via semantic and structural Informatlo:] and  Software
feature fusion. Technology
74 "C. Catal et al." "2024" | "Integrated software defect prediction and testing framework." "Software Quality Journal"
75 "R. Malhotra et al." 19025" "Inve.st'i.gat'ipg the role of machine learning in cross-project defect "Applied Soft Computing”
prediction.
76 " Sun et al." 19025 LLM-based automated software test case generation: Opportunities Science of Computer

and challenges."

Programming"
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"Journal of Systems and

77 "F. Khomh et al." "2021" "Long-term software defect prediction using time-series analysis." N
Software
78 "G. Fanetal." "2023" "LSTM-based software defect prediction models." "IET Software"
79 "V. Singh et al." "2024" "Machine learning for defect prediction: A comparative study." "Complex & Intelligent Systems"
0 "T Menzies et al." 19024" Machlnf learning for software engineering: 20 years of lessons IEE.E Tréns?chons on Software
learned. Engineering
81 "H. Washizaki et al." "2025" "Machine learning patterns for software engineering: A review." "ACM Computing Surveys"
82 "V. Singh et al." "2025" "Machine learning techniques for software defect prediction." "Complex & Intelligent Systems"
83 "). Zhang et al." "2025" "Mitigating data imbalance in software defect prediction using GANs." "Knowledge-Based Systems"
84 "S. Amasaki" "2023" "Multi-objective optimization for software defect prediction models." "Empirical Software Engineering"
85 "S. Amasaki" "2025" "Multi-objective software defect prediction: A comparative study." "Software Quality Journal"
86 "X.Zhang et al." "2025" "Multi-scale feature fusion for software defect prediction." "Information Sciences"
87 "C. Liu et al." "2024" "Multi-source information fusion for defect prediction." Exp.ert . Systems with
Applications
88 "K_ Kim et al." 19024" Neural N.etw?rk based Software Defect Prediction with Data "Applied Intelligence”
Augmentation.
"Novel fi lecti hod for i | f
39 " Tan etal." 19025 ove ﬁature selection method for imbalanced software defect "Information Sciences"
datasets.
"ooA: " " N " . . . " "Journal of Systems and
90 L. Qiao et al. 2025 On the effectiveness of automated test generation techniques. "
Software
91 "M. Nagappan et al." "2021" "On the use of machine learning for software defect prediction." "ACM Computing Surveys"
92 "D. Bowes et al." "2023" "On the validity of software defect prediction evaluation metrics." "Empirical Software Engineering"
"IEEE Ti i
93 "T. Menzies et al." "2022" "On the value of data quality in software defect prediction." . rénsimchons on Software
Engineering
94 "H. Washizaki et al." "2024" "Patterns for Machine Learning based Software Engineering." "IEEE Access"
95 "J. Lee et al." "2025" "Practical guidelines for software defect prediction in industry." "IEEE Software"
96 "S. Roy et al." "2024" "Predicting software defect density using ensemble regression models." | "Applied Soft Computing"
97 "Y. Ma et al." "2023" "Predicting Software Defects using Cross-Project Transfer Learning." "Neurocomputing"
98 "J. Zhang et al." "2024" "Predicting software defects using semantic and structural features." "Knowledge-Based Systems"
99 "T. Zimmermann et al." "2025" "Productivity and Quality in the Era of Al-Assisted Programming." "Communications of the ACM"
100 "D. Bowes et al." "2021" "Questioning the validity of defect prediction model evaluation." "Empirical Software Engineering"
"Fut ti C t
101 "X. Wang et al." "2024" "Real-time software defect detection using stream processing." Syzt:rr:s" Generation - Computer
" ) N " v | . . - " "Journal of Software: Evolution
102 G. Catolino et al. 2023 Refactoring and Software Defect Prediction: An Empirical Study. "
and Process
103 "G. Catolino et al." "2024" "Refactoring impact on software defect prediction." "Journal of Software: Evolution"
104 "M. Boucherba et al." 19025 Remforce:ment L?arnmg for Automated Software Testing: A Softwa.re . .Teftmg, Verification
Comparative Study. and Reliability'
105 "M. Boucherba et al." "2023" "Reinforcement learning for automated unit testing." "Software Testing, Verification"
106 "S. Panichella et al." "2024" "Review of automated test generation for mobile apps." "Software Testing, Verification"
107 ", Singh et al.” 19022" Revu?w of" software defect prediction using machine learning "Complex & Intelligent Systems"
techniques.
108 "L. Yang et al." "2023" "Robust defect prediction with unlabeled data." "Pattern Recognition Letters"
109 "L. Yang et al." "2024" "Robust Software Defect Prediction with Unlabeled Data." "Pattern Recognition Letters"
110 "A. Kaur et al." "2025" "SD-Predictor: A hybrid model for early software defect prediction." Nel.!ral . ”Computlng and
Applications
ve v N " " " . . . o "Information and  Software
111 S. Kim et al. 2023 SEFF: Software Engineering Feature Fusion for defect prediction. N
Technology
- N " - . . S "Information  and  Software
112 H. Jing et al. 2024 Semantic and structural feature fusion for defect prediction. N
Technology
113 "H. Lietal." "2025" "Semantic feature learning for software defect prediction." "IEEE Transactions on Reliability"
114 "L. Yang et al." "2025" "Semi-supervised software defect prediction with unlabeled data." "Pattern Recognition Letters"
"E t Syst ith
115 "A. J. Pinheiro et al." "2025" "SMOTE and bagging for imbalanced software defect prediction." Apngc;ﬁons,, ystems wi
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116 "P. Kumar et al." "2025" "Soft computing for software defect prediction: A systematic survey." "Applied Intelligence"
"Archi f jonal
117 "P. Kumar et al." "2024" "Soft computing techniques for software defect prediction: A review." re |ves. © . Cqmr:'utahona
Methods in Engineering
118 "I Chen et al." 19025 SoftV\{arlt‘e defect localization based on deep learning and program Comput.er Suelr'\ce and
analysis. Information Systems
119 "G. Fan et al." "9019" "Software "defect prediction based on bidirectional long short-term "ET Software”
memory...
120 "R. Gupta et al." 19025 SoftV\./are"defect prediction based on ensemble learning and feature Journalu of Intelligent & Fuzzy
selection. Systems
121 "C. Liu et al." 19024" Softw."::re defect prediction model based on multi-source information Expgrt o Systems with
fusion. Applications
122 "H. Lietal." "2022" "Software Defect Prediction through Semantic Feature Learning." "IEEE Transactions on Reliability"
123 "B. Zhang et al." 19025 Softwa're c!‘efect prediction using cross-project data with adversarial "Applied Intelligence”
adaptation.
124 ", Zhao et al." 19023" Softwa:‘re defect prediction using deep learning: A systematic literature Journal . of  Systems and
review. Software
125 " Kim et al." 19023" SoftV\./are" defect prediction using ensemble learning with feature "Applied Intelligence”
selection.
126 "S. Wang et al." "2024" "Software defect prediction using graph attention networks." "IEEE Access"
127 "X.Zhang et al." "2024" "Software Defect Prediction using Multi-scale Feature Fusion." "Information Sciences"
128 "S. Wang et al." 19024" Softwarf defect prediction via graph attention networks with edge "EEE Access"
features.
129 "S. Wang et al." "2025" "Software Defect Prediction via Graph Attention Networks." "IEEE Access"
130 "L. Madeyski" "2021" "Software defect prediction: A survey of the state of the art." "Software Quality Journal"
131 “T Hall et al." 021" Soft.walr:e Defect Prediction: A Systematic Literature Review on Dataset IEE.E Trgns‘alxcnons on Software
Quality. Engineering
e i " " " " . . . o "Information and  Software
132 S. Kim et al. 2025 Software engineering feature fusion for defect prediction. N
Technology
133 "D. Ryu et al." "2024" "Sparse data representation for software defect prediction." "Complex & Intelligent Systems"
134 "L. Madeyski" "2025" "State of the art in software defect prediction." "Software Quality Journal"
135 "X. Wang et al." "2024" "Stream processing for real-time software defect detection." S::/s::r::}s" Generation  Computer
136 "J. Wen et al." "2024" "Survey of automated unit test generation techniques." "Journal of Software"
137 "J. Wen et al." "2025" "Survey on Automated Unit Test Case Generation." "Journal of Software"
" | f t
138 "B. G. de Oliveira et al." "2023" "Systematic mapping of chatbots in software engineering." SJOC;;J\;:;are" ° Systems  and
139 "D. Song et al." "2024" "Systemic mapping of defect prediction in microservices." Journal " of ~ Systems  and
Software
140 "Y. Le Traon & T. Xie" "2024" "Test code evolution and mutation testing." "Software Testing: Verification"
141 "F. Molina et al." "2025" "Test Oracle Automation in the Era of LLMs." AC.M Tr..ams"actlons on Software
Engineering
142 "Abid Mehmood et al." "2024" Test Suite .Optlmlza"tlon Using Machine Learning Techniques: A "IEEE Access”
Comprehensive Study
143 "S. parsa et al." "9025" TgsFablllt}l/—drlven development: An improvement to the TDD Compute”r Standards &
efficiency. Interfaces
144 "Chuani Tao et al." "9019" Testing e.md "Quallty Validation for Al Software—Perspectives, Issues, "IEEE Access"
and Practices
145 "V. Riccio et al." "'2020" "Testing machine learning based systems: a systematic mapping." "Empirical Software Engineering"
146 "W. X. Wan &T. Lindenthal" | "2023" | "Testing machine learning systems in real estate." "Real Estate Economics"
147 "M. Staron et al." "2024" "Testing, Debugging, and Log Analysis With Modern Al Tools" "IEEE Software"
148 "). Eberlein et al." "2025" "The effect of data complexity on classifier performance." "Empirical Software Engineering"
"M. A. Alsh i M. "The Effect of the Dataset Si the A f Soft Defect
149 ‘? ammari and 19021" e' . ect o e'I ataset Size on the Accuracy of Software Defec "Inteligencia Artificial”
Alshayeb Prediction Models
150 "R, R. Sukla" 19025" The Evolution of Al in Software Qu?llty and Cloud Management: A Journal of Compufer Science &
Framework for Autonomous Systems. Technology Studies
151 "S. Goericke" "2020" "The Future of Software Quality Assurance" "Springer (Book)"
152 "K. S. Luckey et al." "2023" "The impact of Al-assisted coding on software reliability." "Communications of the ACM"
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"E ith
153 "L. Chen etal." "2023" "The impact of code style on software defect prediction." xpfert o Systems wit
Applications
154 "t. Radlinski" "2023" "The Impact of Data Quality on Software Testing Effort Prediction." "Electronics"
155 M. M. Bztiirk" 19019" Thevlrr?pac"t of parameter optimization of ensemble learning on defect Comput‘elzr Science Journal of
prediction. Moldova
156 "y 7 Bala et al." 19024" "The inﬂu.ence of machir?e .Iea:ning on the predictive performance of "Telkomnika"
cross-project defect prediction
157 "N, Grattan et al." 19024" .The need for 'r‘nore informative defect prediction: A systematic InformatloP & Software
literature review. Technology
"Th litative factor in soft testing: A systemati ing stud
158 "B. Ardic et al." "2025" N qL.Ja I,a ve tactor I,? sottware testing: A systematic mapping stucy "Journal of Systems & Software"
of qualitative methods.
159 "T. Zimmermann et al." "2023" "The role of Al in modern software quality assurance." "|IEEE Software"
160 "A. Abo-eleneen et al." "2023" "The role of Reinforcement Learning in software testing." InformatloP & Software
Technology
"The Use of Al in Software Engineering: A Synthetic Knowledge .
161 "P. Kokol" "2024" "Inf "
6 oKo 0 Synthesis of the Recent Research Literature." nformation
162 A M. Altamimi et al." 19025 The. V.aIue" of Imbalance Ensemble Techniques on Software Defect Arszlanvlo‘llJrnal for Science &
Prediction. Engineering
163 "Devi" Priya Gottumukkala 19025" "T9pic model?ng—based p.rediction of §9ﬂxvare defects and root cause "Scientific Reports”
etal. using BERTopic, and multioutput classifier
164 "C. M. Flath & N. Stein" "2018" "Towards a data science toolbox for industrial analytics applications." "Computers in Industry"
" . " N N "Towards Design and Feasibility Analysis of DePaaS: Al Based Global | . . "
165 M. Pandit et al. 2022 Unified Software Defect Prediction Framework." Applied Sciences
166 "A. Pandey & A. Jadhav" 19024" Towa.rds Etfectlve Software Defect Prediction Using Machine Learning "SN Computer Science”
Techniques
167 " Chen et al." 19025 TraceAwareness and fiua'l—st"rategy fuzz testing: Enhancing path Cornput'ers" & Electrical
coverage and crash localization Engineering
168 "S. Zheng et al." 19021 "Trai.nir?g "data selection for imbalanced cross-project defect "Computgrsu & Electrical
prediction. Engineering
169 "Y. Ma et al." "2024" "Transfer learning for cross-project software defect prediction." "Neurocomputing”
"Z. Khaliq, S. U. Farooqg, and | ,, N "Transformers for GUI Testing: A Plausible Solution to Automated Test | "
170 D. A. Khan" 2022 Case Generation and Flaky Tests." Computer
171 Muhamma‘d. ) 19021 Tre.nd Appllcat‘lgn of”Machlne Learning in Test Case Prioritization: A "EEE Access"
Khatibsyarbini et al. Review on Techniques
172 "S. park & J. Kim" 19024" Trends in q"uantum reinforcement learning: State-of-the-arts and the "ETRI Journal®
road ahead.
173 "J-M. Lopez-Gil & . 19025" "Turning manual web accessibility success criteria into automatic: an | "Universal ~ Access in  the
Pereira" LLM approach." Information Society"
"J-M. Loépez-Gil and J. | , " "Turning manual web accessibility success criteria into automatic: an | "Universal ~ Access in  the
174 o 2025 N . S
Pereira LLM-based approach. Information Society
175 "G. Santos, et al.” "9024" Two swjes of the same coin: A study on developers’ perception of Journall‘ of Software: Evolution &
defects. Process
"Two-ti hine | i h optimi ti
176 "I p.Villoth et al." 19025 wq er deep an.d mac me' earng approach optimized by adaptive "Neurocomputing”
multi-population firefly algorithm
177 "G. Esteves et al." "2020" "Understanding machine learning software defect predictions." Aufcoma.ted" Software
Engineering
" t i ft Defect Prediction Th h eXplai leN |
178 "Ruigi He, et al." 19025 Unfh.ers anding ﬁo ware Defect Prediction Through eXplainable Neura "|EEE Access"
Additive Models
179 D. .M.. ) Zapkus & A. 024" .Unlt Test Ge.ner:laltlon Using Large Language Models: A Systematic "ilnius University Open Series”
Slotkiené Literature Review.
180 "A. Sebastian, et al." "2024" "Unsupervised Machine Learning Approaches for Test Suite Reduction." | "Applied Artificial Intelligence"
"A. Marjuni, T. B. Adji, and "Unsupervised software defect prediction using median absolute .
181 019" " Big Data"
8 R. Ferdiana" 019 deviation threshold based spectral classifier" Journal of Big Data
182 "E Gomes" 19024" Unveiling AssHmptlons: Exploring the Decisions of Al Chatbots and "Alware 2024 Conference"
Human Testers
"IEEE Ti ti ft
183 "S. Kim et al." "2023" "Using code change metrics for early defect prediction." . réns‘aluc ons on Software
Engineering
"Z. Khalig, D. A. Khan, and | ,, N "Using deep learning for selenium web Ul functional tests: A case-study | "Engineering Applications of
184 . 2023 ! R 2 ) "
S. U. Farooq with e-commerce applications Artificial Intelligence
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