BICHHK XHTY M 2(93), U. 2, 2025 p. IH® OPMAIIIHHI TEXHOJIOI'TI

UDC 004.89:004.42 DOI https://doi.org/10.35546/kntu2078-4481.2025.2.2.37

M. O. REIDA

Postgraduate Student at the Department of Computer Science
Zaporizhzhia National University
ORCID: 0009-0002-3098-113X

G. A. DOBROVOLSKY

Candidate of Technical Sciences,

Professor at the Department of Computer Science
Zaporizhzhia National University

ORCID: 0000-0001-5742-104X

SURVEY ON AI IN THE FUNCTIONAL SOFTWARE TESTING

The survey conducts a systematic review of the application of artificial intelligence (Al) in software quality control
and testing, covering both functional and non-functional quality aspects across all testing stages. The study analyzes
various Al techniques, including machine learning, deep learning, evolutionary algorithms, and natural language
processing, while also examining Al-based testing tools. It highlights advancements, challenges, and research gaps,
drawing on scientific publications from the last decade, supplemented by key foundational works.

Functional software quality is defined by its compliance with requirements and correct execution of functions,
verified through unit, integration, system, and acceptance testing. Al facilitates automation of test case generation, defect
prediction, and oracle design. Non-functional quality encompasses attributes such as performance, reliability, security,
and usability, which are more challenging to automate. The review emphasizes Al 'S role in automating testing, particularly
regression testing, to ensure product stability after changes.

Key Al applications include test case generation and test automation using search-based algorithms (e.g., EvoSuite,
Sapienz), deep learning, and large language models (LLMs) like Codex. Al is also utilized for defect prediction, code
quality assessment, test selection, prioritization, and optimization of test execution in continuous integration environments.
Tools like Diffblue Cover demonstrate industrial adoption of Al for generating compact test suites.

Major challenges include the oracle problem (determining correct test outcomes), data dependency, the need for model
transparency, and limited applicability in safety-critical domains. Future research directions include automating oracles,
integrating Al with DevOps, developing human-in-the-loop hybrid systems, and establishing standards for Al in testing.
The review calls for unified datasets and benchmarks to evaluate Al testing techniques, particularly in safety-critical
sectors like healthcare and automotive.

Key words: Survey, Artificial intelligence, Machine learning, Test Case Generation, Test Automation, Defect Prediction,
Test Selection, Test Prioritization, Test Execution Optimization.
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OIIA 3ACTOCYBAHHS IITYYHOT'O IHTEJIEKTY
Y ®YHKIHIOHAJIBHOMY TECTYBAHHI ITIPOI'PAMHOTI'O 3ABE3IIEYEHHSA

Lla cmammsa npedcmasinsae cucmemMamuyHull 02ia0 3acmocy8anHsa wmydrozo inmenekmy (LLI) y konmponi akocmi
ma mecmyeanti npoPamMHO20 3a0e3ne’eH s, OXONIIOIOYUU K QYHKYIOHALbHI, MaK | HeYHKYIOHANbHI ACNeKmuy sKOCmi
Ha 6cix emanax mecmyeéanus. J{ocniodcents ananizye pisnomanimui mexuixu L1, exmouarouu Mmawunne HaguanHsi, -
OOKe HagUanHs, e6OMOYIIHI aneopummu ma oOpooOKy NPUPOOHOT MOBU, A MAKOJIC PO32NAOAE IHCIMPYMEHMU MeCTY8aAH s
Ha ocnogi LIl Y pobomi uceimieno 0ocacnents, GUKIUKU Md NPOSATUHU 8 OOCTIONCEHHAX, GUKOPUCIMOBYIOUU HAYKOBI
nybnixayii 3a ocmanni 10 pokie, 0onosHeHi KAHYo8UMY QYHOAMEHMATbHUMU POOOMAMUL.

DYHKYIOHATbHA AKICMb NPOZPAMHO20 3a0e3neuenHs BUHAYAEMbCA 1020 8i0N0GIOHICMI0 8UMO2AM | NPABUTLHUM
BUKOHAHHAM (DYHKYIL, U0 NepesipsicmbCsl uepe3 MoOyibHe, IHmezpayiiine, cucmemne ma nputimaishe mecmyeanns. LT
CNpUsE agmomMamusayii CmeopenHs mecmosux 8UNaoKis, NPoSHO3Y8AHHIO NOMEHYILIHUX NOMUTIOK i po3pobYi opaxyuis.
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Hedghynkyionanvha axicms oxoniroe maxi acnekmu, K NpoOyKMuGHicmy, HAOIHICMb, be3neka ma 3pyyHicms 8UKOPUC-
manns, AKi ckaaduiwe agmomamuzyeamu. Q20 niokpecaioe ponw LI 6 asmomamuszayii mecmysanns, 30Kpema pezpe-
CitiHo20, 01151 3a6e3neyeHHs. CmabilbHOCMI NPOOYKMY NIC/IsL 3MIH.

Cepeo kmouosux 3acmocysans LI sudineno cenepayito mecmosgux unaokxie i asmomamusayilo mecmysanus 3a 00no-
MO2010 ROWLYKOBUX aneopummis (nanpuxiad, EvoSuite, Sapienz), 2nuboxoeo nasyanns ma eenuxkux mosHux mooeneti (LLM),
maxux sik Codex. LLII makooic suxopucmogyemucsi 015 nepedbauerts 0eghekmis, oyinKu aKkocmi Kooy, eubopy ma npiopumiu-
3ayii mecmia, a maxKoxc onmuMizayii UKOHAHHA Mecmig )y cepedosuwyax besnepepsnoi inmezpayii. Incmpymenmu, maxi s
Diffblue Cover, demoncmpyioms npomuciose enpogaoaicens LI dns cmeopentsi KOMNaKmuux mecmosux Habopis.

OcHo8HI BUKTIUKU 8KTI0UAIONb NPOOIEMY OPAKYIA (BUSHAUEHHSA NPABUTLHUX PE3YTbMAanmis mecmis), 3a1exCHicmy 6i0
oanux, nompeby 6 nposopocmi mooeneti LLII ma obmediceny sacmocosnicme y Kpumuunux eanysax. [lepcnexkmueni nanps-
MU Q0CHIOdNCEHb OXONNI0IOMb agmomamusayilo opaxyie, inmeepayito LI 3 DevOps, cmeopenns 2ibpuonux cucmem i3
3ANYYeHHAM JHOUHU ma po3pooKy cmanoapmie 015 euxopucmanus LI y mecmyeanni. O2na0 3aKIuUKAe 00 CMEOpPeHHs
VHigiKo8anux Habopie danux i cmandapmis 015 oyinku LIII-mexuix y mecmyganmi, 0cobIUBO 8 OE3NEKOKPUMUUHUX 2ATT)-
35X, MAKUX 1K OXOPOHA 300P08 51 Ma A8mMomMo0iniedy0y8aHHs.

Kniouoegi cnosa: Oznsio, LLmyunuii inmenexm, Mawunne nasuanus, I enepayis mecmosux eunaoxis, Aemomamu3zayis
mecmysannsi, [Ipoenoszysanns depexmis, Bubip mecmis, Ipiopumusayis mecmie, Onmumizayis 6UKOHAHHS MECMIB.

Introduction

Software quality is a central concern in contemporary software engineering, defined by a system’s compliance with
requirements, user expectations, and standards. Quality is typically categorized into functional and non-functional aspects.
Functional quality refers to the software’s ability to perform its intended functions correctly. It is ensured by verifying
each feature against requirements through various testing stages: unit, integration, system, and acceptance tests [1]. Al
assists functional testing by generating effective test cases, predicting likely failures, and automating oracle design. Non-
functional quality encompasses attributes beyond specific functions, including performance, reliability, security, usability,
maintainability, portability, and compatibility [2]. For example, a web service must return correct results (functional)
and meet performance benchmarks under load (non-functional). Non-functional tests often require specialized tools and
environments and are more challenging to automate [3, 4]. Quality control must address both aspects. Automated testing
is now standard practice, reducing risks and ensuring product stability [5]. Regression testing covers functional and non-
functional aspects, verifying no regressions after changes [6].

Analysis of recent publications

Kolmogorov-Arnold Networks (KAN) is a novel class of neural networks grounded in a 1957 theorem by
A.N.Kolmogorov (extended by V. Arnold) providing both flexibility and interpretability [S1]. KANs have gained attention
mainly in the past few years, so their applications to different tasks are being actively explored. Several surveys have been
published on Al application to software testing covering mutation testing [5], artificial intelligence [7, 10] and machine
learning [11, 33, 35] in software test automation. But none of them mention Kolmogorov—Arnold Networks (KANs) as a
potential modeling paradigm.

The objective of this review is to re-examine how Al advances software quality control, surveys state-of-the-art
Al techniques across testing stages, and identifies their impact, best practices, and challenges, providing a foundation for
future research in Al-driven quality assurance. and paying the special attention to an application of KANs.

Publication selection

The publication selection combines automated snowball sampling search with manual filtering and citation network
exploration. The method described below yielded 54 primary references representing the research on Al-driven software
testing and quality assurance over the past decade [7].

We defined explicit inclusion and exclusion criteria for selecting publications to ensure a high-quality and relevant
literature base.

Inclusion Criteria: We focused on peer-reviewed research articles (including conference papers and journal articles)
and credible systematic literature reviews published roughly in the last 10 years (2015-2025). We included studies
explicitly addressing the application of Al (e.g., machine learning, deep learning, evolutionary algorithms, knowledge-
based systems) to software testing or quality control. Also, we included older seminal works (pre-2015) if they were
highly cited and foundational to the field (to provide historical context or definitions). We limited sources to English-
language publications from reputable venues in software engineering and Al. For tools or industry solutions, official
documentation or whitepapers (software manuals) were considered if they provided technical details [8].

Exclusion Criteria: We excluded papers that did not specifically connect Al with software testing/quality (for example,
general Al papers with no software engineering context or testing papers with no Al aspect). Non-peer-reviewed sources
(blogs, opinion articles) were generally excluded unless they described essential tools (official product documentation
was preferred). We also excluded publications focusing on testing Al systems rather than using Al for testing software to
keep the scope on Al as a means for software quality improvement. Studies before 2015 were excluded unless identified
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as high-impact classics (Artificial Intelligence in Software Testing: A Systematic Review). Non-English papers and purely
theoretical works with no evaluation were also left out.

While selecting papers, we evaluated each publication against these criteria to ensure relevance and credibility.
This filtering ensures the included literature comes from respected journals, conferences, or academic repositories and
emphasizes contemporary developments while acknowledging key prior work [9].

At the initial stage of the publication selection process, a search using the query “Al in software testing review” in
Scopus, Openalex, and Google Scholar returned a pool of the existing review studies and all the related scientific papers.
Then, titles and abstracts were screened to berrypick the 20 most relevant publications. Next, we followed the controlled
snowball sampling method [10] to collect the minimal complete list of publications, download full texts if freely available,
and extract the basic keywords. In the last step, we removed the irrelevant references by screening the titles and abstracts.

Al Applications in Functional Software Quality Control and Testing

This section overviews how different Al methods contribute to software testing and quality control, highlights recent
advances and challenges, and discusses Al-based testing tools. The discussion is organized by major testing and quality
areas, such as test generation and defect prediction, encompassing functional and non-functional aspects [11].

Al for Test Case Generation and Test Automation

A leading application of Al in software testing is automatically generating test cases, scripts, or data — reducing
manual effort [12, 13]. Search-based testing leverages evolutionary algorithms or meta-heuristic search to create test
inputs optimizing objectives like code coverage or fault detection. Notable tools include EvoSuite, which applies genetic
algorithms to evolve unit test suites for Java classes, using coverage as a fitness function over multiple generations [14].
Sapienz, another prominent tool, employs a multi-objective genetic algorithm (NSGA-II) to generate GUI action sequences
for Android apps, optimizing for both crash discovery and coverage [15]. Sapienz outperformed earlier random testing
tools, demonstrating that evolutionary computation is highly effective where coverage or fault detection guides the search
process [16]. Beyond search-based approaches, machine learning methods have gained traction. For instance, reinforcement
learning (RL) techniques treat the software under test as an environment, learning input sequences to achieve goals like
reaching rare states or maximizing code coverage. Recent studies have combined deep learning with RL to generate tests
from requirements [17]. In 2024, Alagarsamy et al. introduced PyTester, which employs deep RL to generate executable
test cases from natural language requirements, demonstrating promise for early-stage test automation [18]. RL has also
been used for test case prioritization based on feedback [19]. Large language models (LLMs) have opened new avenues for
neural network-based test code generation. Modern GPT-based coding assistants can create test cases from natural language
or code contexts, but these techniques are still emerging in the literature. The key challenge remains the “oracle problem”:
ensuring that generated tests accurately check expected outcomes. Some research has tackled this by generating assertions
or leveraging specifications/contracts when available [20]. Natural Language Processing (NLP) facilitates the linkage
between requirements and testing by analyzing requirement documents to generate test scenarios. Recent advances include
improved constraint-solving algorithms, Al-augmented model-based testing (where state models are learned via exploratory
interaction), and graph-based Al for path coverage. These techniques significantly reduce manual test writing effort and often
enhance coverage and bug detection over manual methods [21]. However, several challenges persist. Generated tests must
be valid and maintainable, and redundancy or brittleness can be an issue. The oracle problem remains significant: while Al
readily generates inputs, determining correct outputs requires human insight or detailed specifications. Scalability to complex
systems and developer trust in Al-generated tests are ongoing concerns. Research focuses on human-AlI collaboration, such
as Al-suggested tests reviewed by humans or Al-formulated assertions based on human-labeled outcomes. Al-based testing
tools have gained industrial adoption. Diftblue Cover, for example, uses Al to autonomously generate Java unit tests by
analyzing bytecode and applying Al planning for meaningful coverage [22]. Compared to EvoSuite and Randoop, Diftblue
produces more concise test suites with slightly lower coverage Al has advanced test generation and automation, reducing
human effort and improving maintenance. The remaining gaps include addressing the oracle problem and enhancing the
semantic relevance of generated tests [23, 24, 25]. Ongoing work aims to combine large code models with domain knowledge
and integrate Al-based tools into continuous integration pipelines [26, 27].

Al for Defect Prediction and Software Quality Assessment

Al plays a significant role in software quality analytics by leveraging machine learning on software data — such as
source code metrics, defect histories, and test coverage — to predict where bugs are likely to occur and assess other quality
outcomes. These predictions act as upstream quality controls, focusing review and testing where risk is highest [28].

Supervised machine learning is widely used to predict defect-prone code modules. Models are trained on historical
data (code metrics and known defects) to classify new or modified code as likely defective. Malhotra’s systematic review
surveys various machine learning techniques for fault prediction, including decision trees, random forests, support vector
machines, and neural networks [29]. These models often achieve good recall for defectprone files, enabling more targeted
testing and refactoring [30]. Recent work applies deep and graph neural networks to learn rich code representations. For
example, Wang et al. (2020) used machine learning to guide fuzz testing by predicting which inputs would yield deeper
code coverage, thereby improving vulnerability discovery [31]. While fuzzing is dynamic, ML’s role is analogous to
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defect prediction. Despite these advances, model accuracy varies, and retraining is necessary as software or processes
evolve [32].

Beyond defect prediction, Al is applied to internal code quality evaluation.

Machine learning classifiers can detect code smells and poorly designed code sections. Al-augmented static analysis
tools learn error-prone patterns from large codebases. Unsupervised anomaly detection identifies unusual code changes,
and clustering methods group code modules by quality, flagging outliers as potentially problematic [33]. Al can also
estimate “technical debt” by learning historical links between code metrics and subsequent refactoring. Bayesian networks
and statistical machine learning models can predict the number of bugs remaining or expected. These models take into
account factors like test execution trends, code churn, and complexity. While traditional reliability models exist, ML can
exploit project-specific patterns for better forecasting.

Al also enhances test result analysis and debugging. Clustering failure reports aids bug triage, while ML classifiers
can route bug reports to the right component or team. NLP on bug reports and logs identifies duplicates or suggests likely
fault locations (bug localization). Some methods treat debugging as a search problem, using Al planning to propose likely
fault sources or fixes — bridging toward automated program repair (e.g., GenProg, which uses evolutionary algorithms).
Al-driven predictive models thus function as decision support.

Anotable advancement is the direct use of deep learning on code (e.g., code tokens, ASTs, as in code2vec or codeBERT)
for defect prediction, which captures richer semantic features than handcrafted metrics. The challenge, however, is the need
for large labeled datasets and overcoming the cross-project prediction problem. Transfer learning and domain knowledge
integration are common remedies. Additionally, while models may flag a module as risky, actionable explanations ("Why
is this file risky?”) are essential for developer trust and adoption.

Ensemble methods in machine learning often surpass traditional statistical models in defect prediction, but success
depends heavily on data quality and feature selection. Wider adoption in the industry is still limited by trust and integration
challenges. However, as data collection in DevOps environments becomes ubiquitous, the opportunities for Al-powered
predictive analytics in software quality continue to expand.

Al in Test Selection, Prioritization, and Execution Optimization

Al techniques are increasingly applied to optimize software testing after test cases are created, with a particular focus
on test case selection (choosing a subset of tests to run, e.g., during regression testing) and test case prioritization (ordering
tests so those most likely to detect faults run earlier). The aim of Test Case Prioritization (TCP) is to schedule tests
to maximize objectives such as early fault detection or coverage. Machine learning and meta-heuristic search methods
are widely used for this. For instance, classifiers can predict the likelihood of a test revealing a fault based on historical
test failures and code changes, enabling ranking by expected value. Reinforcement learning (RL) is also prominent: RL
agents learn to select and order tests dynamically by receiving feedback on test outcomes, adapting strategies over time
[34]. Su et al. introduced an attention-transfer RL method for TCP in Continuous Integration (CI) environments, allowing
prioritization models to adapt between individual test features and broader suite patterns, thereby improving adaptability
and fault detection ordering across CI scenarios [35, 36]. Such RL-based approaches are promising for CI, where time
constraints require constant test prioritization, and learning-based models can refine their rankings as they observe test
failures after code changes [37].

Regression test selection focuses on running only those tests relevant to recent software changes. While traditional
methods rely on dependency analysis, Al augments this by learning from historical data, which tests are most likely to
catch faults after specific code changes [38]. This has been approached as an information retrieval or recommender system
problem, matching tests to code commits [39].

Al is also employed to create a self-healing testing systems making test execution more robust. Anomaly detection on
test logs can identify flaky tests (which pass and fail inconsistently due to environmental or non-deterministic issues) [40].

In large-scale environments, Al can optimize how tests are allocated and parallelized. By forecasting runtimes
and failure probabilities, Al-driven schedulers can allocate resources to maximize feedback speed and minimize waste,
for example, by scheduling likely-to-fail short tests first or evolving test orders through genetic algorithms to optimize
multiple objectives (e.g., fault detection, coverage, execution time) [41].

Despite the benefits, several challenges exist. Models may become outdated if development practices change,
requiring continuous learning and adaptation — something RL can help address. The benefits of Al-driven selection are
most significant in large, time-constrained suites (e.g., CI for large projects); its value is reduced in small or cheap-to-
run test suites. Safety-critical domains may be slower in adopting Al selection due to risk concerns. Nonetheless, studies
show that Al-based prioritization improves early fault detection and generalizes across projects [42]. Future research may
investigate federated learning for cross-project adaptation and deep learning approaches that predict affected tests directly
from code changes.

Conclusion and future research directions

The review demonstrates that up to review date the Kolmogorov-Arnold Networks were not applied to software

testing tasks but other Al methods became increasingly vital to software quality control and testing, delivering notable
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advancements across test automation, defect prediction, and non- functional testing such as performance and security
analysis [43]. Al techniques — including machine learning, deep learning, evolutionary algorithms, and NLP — have
enabled greater test coverage, reduced manual effort, faster fault detection, and more intelligent allocation of testing
resources [44]. Al-driven tools streamline test generation and maintenance, often catching bugs overlooked by manual
approaches, while ML-guided fuzzing has advanced vulnerability discovery. Early identification of risky components
through ML enables proactive quality actions [45, 46].

However, several challenges persist. The “oracle problem” remains unresolved; fully automated testing often cannot
determine correct outputs without human or formal input. Al-generated tests may only indicate that an event occurred
without verifying its correctness [45, 51].

Data dependency is another barrier: supervised models require representative historical data, which may be unavailable,
and even when present, model results must be interpreted by engineers. Transparency and trust are ongoing issues —
testers and developers may resist “black-box” Al quality judgments [48]. Certain testing stages, such as usability or
requirements validation, also rely on human expertise, where Al offers little assistance. These gaps suggest several future
research directions [49].

Progress is needed in automating oracles. Promising directions include leveraging Al to learn expected behaviors
or generating metamorphic relations, enabling the creation of assertions for Al-generated tests to check correctness
automatically [47]. Integrating specification mining with Al could further support this goal.

Advances in NLP and large language models (LLMs) offer opportunities for Al assistants that interpret requirements
and collaborate with testers to generate or refine test scenarios, improving both requirements coverage and clarity.

To keep pace with rapidly evolving software, research should pursue Al that continuously adapts in CI/CD
environments, learning from new test outcomes and code changes without manual retraining. Online learning and
feedback from production (e.g., DevOps telemetry) could yield more context-aware, up-to-date testing models [50].

While most current research applies individual Al techniques, future systems should combine multiple approaches for
holistic QA pipelines. For example, a predictive model could flag risky components, an evolutionary algorithm generate
targeted tests, deep learning models cluster failures, and a recommender system suggest fixes — yielding automated, end-
to-end QA processes [50].

Rather than aiming for fully autonomous testing, an effective path forward is interactive tools that let testers guide and
refine Al-generated tests. Human-in-the-loop approaches leverage human domain knowledge alongside AI’s automation
speed, and transparent Al explanations will foster trust and adoption.

Standard benchmarks and datasets are needed for rigorous, comparable evaluation of Al testing techniques. Establishing
guidelines or standards for Al use in safety-critical contexts (e.g., healthcare, automotive) will encourage adoption in
high- assurance industries.

While AT is making strides in security, further research should extend to attributes such as privacy, ethical compliance,
and accessibility.
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