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Abstract. The growing complexity of distributed Continuous Integration/Continuous Delivery (CI/CD) systems, and the
limited scalability and stability of conventional heuristic methods for test prioritisation, necessitates the investigation
of alternative methods of optimising the testing process. The purpose of this research was to determine the features of
using AI methods for test prioritisation and to suggest an approach for integrating AI methods into automated testing
processes. The research involved a comparative analysis of intelligent and hybrid methods for test prioritisation in
distributed systems, using the APFD and APFDc metrics. The results of the study show the advantage of intelligent and
hybrid approaches to test prioritisation over conventional heuristics. The random approach to test prioritisation proved
to be the least efficient, achieving an APFD of approximately 0.51. More sophisticated heuristic approaches increased
the APFD to around 0.62. Population-based methods increased the APFD to approximately 0.72. Using machine learning
methods increased the APFD to about 0.76. The best results were achieved by using hybrid methods that combined
machine learning and PSO. The APFD in this case reached 0.81, and the execution time for test suites decreased by nearly
45%. These results confirm that the integration of AI methods into the testing process is suitable for distributed CI/CD
systems. The results of this study can be used by software developers, QA teams and engineers to optimise the testing
processes in distributed systems

Keywords: intelligent algorithms; machine learning; hybrid methods; optimisation algorithms; scalability; testing
efficiency

Introduction

With the growing complexity of distributed systems and
the intensive use of Continuous Integration/Continuous
Delivery (CI/CD) methodologies, there is a clear need to ef-
fectively manage the order in which the test suites are ex-
ecuted. The conventional heuristics-based approaches to
managing this process are outdated, and the need for more
sophisticated algorithms is evident. The use of intelligent
algorithms and hybrid models that use machine learning
techniques can provide a more efficient solution to this
problem. By using historical data and other relevant fac-
tors, such as the number of defects likely to be introduced
by a particular test, the system can better decide which
tests to execute and in what order.

In contemporary Ukrainian and international academic
discourse, studies devoted to the application of artificial in-
telligence (Al) in software testing increasingly focus on the
optimisation of test case generation processes and test pri-
oritisation, which improves the efficiency of CI/CD systems.
R. Khrabatyn et al. (2024) presented a detailed analysis of
approaches to automated test case generation based on
system behaviour models that increase software quality and
reduce the time required for defect detection. Researchers
indicated that the integration of machine learning meth-
ods into the testing process supported defect predic-
tion and the formation of an optimal sequence of tests,
which improved the efficiency of software quality control.
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Ya. Pyrih et al. (2023) emphasised the application of mul-
ti-criteria genetic optimisation in distributed computing
environments for neural network synthesis, which relates
directly to optimisation of the order of test execution and
resource efficiency of CI/CD pipelines. Researchers demon-
strated that the combination of evolutionary algorithms
with analysis of resource constraints produced a synergistic
effect in scalable environments. Another perspective ap-
peared in the study by A. Trifunova et al. (2024), which ex-
amined the application of Al in software quality assurance
and emphasised the role of intelligent algorithms in defect
prediction and optimisation of test prioritisation. The re-
searchers noted that the use of hybrid models ensured rapid
detection of critical defects and stable results during the
testing of distributed systems. Consequently, the analysis of
Ukrainian scientific sources confirms the integration of ar-
tificial intelligence into the testing process and as a means
of optimising distributed systems.

D. Amalfitano et al. (2023) presented a broader synthe-
sis of the application of artificial intelligence in software
testing. The authors conducted a tertiary analysis of the
literature and provided a systematic review of the trends in
the development of the field. One of the main conclusions
presented by the researchers was that machine learning
and hybrid approaches are gradually replacing classical ap-
proaches to testing. This is primarily due to the fact that
these approaches can better adapt to the complexities of
distributed systems and automated software testing. F.S. Pr-
ity (2023) conducted a systematic review of the development
of artificial intelligence approaches to the prioritisation of
software tests. The results of the study demonstrated that
the implementation of models based on defect prediction
and the ranking of testing procedures according to the cri-
teria identified allowed for a significant reduction in the
time required to complete the testing process. P.S. Mohap-
atra (2025) conducted a monographic study of the role of Al
in the automated generation of test cases. The main result
of the study was that the integration of artificial intelligence
and automated methods into the development and manage-
ment of test cases reduces the dependency on manual test-
ing procedures. The researcher also paid particular attention
to the link between automated test case generation and the
subsequent prioritisation of those test cases.

R. Pan et al. (2022) conducted another systematic re-
view of the application of machine learning methods in the
selection and prioritisation of software tests. The main re-
sult of the research is that machine learning methods are
indeed able to effectively use historical data on executed
tests and found defects to predict the informativeness of
proposed tests. However, the results of such applications
also depend on the architecture of the software system be-
ing tested, the size of the test suites, and the quality of the
data used during training. S. Tahvili & L. Hatvani (2022)
conducted a monographic study of Al methods in the op-
timisation of software testing processes. The researchers
provided a detailed examination of the use of heuristic and
evolutionary algorithms and machine learning methods for
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the selection, reduction, and prioritisation of test suites.
Particular attention was paid to the formalisation of these
testing tasks as optimisation problems and to their imple-
mentation in practice.

H.V. Pandhare (2025) outlined areas in the develop-
ment of automated testing with the use of AI/ML (Machine
Learning) within contemporary software development life
cycles. The researcher analysed the transition from scenar-
io-oriented automation to adaptive models capable of up-
dating test artefacts independently through historical data,
logs, and code changes. The study also addressed the scal-
ing of Al solutions in large and geographically distributed
teams. A. Enemosah (2025) examined the application of
Al-oriented predictive models in DevOps CI/CD pipelines.
The researcher demonstrated how machine-learning-based
analytics support the prediction of build failures, optimi-
sation of test execution sequences, and decision-making
related to deployment. The study connected testing au-
tomation with the broader context of software life-cycle
management in distributed production environments.
S. Kumar (2023) presented a systematic analysis of testing
models and methods for their optimisation, with attention
directed towards the efficiency of different strategies of
test selection and ordering in distributed environments.
The researcher noted that integration of algorithmic ap-
proaches with conventional models substantially reduces
execution time of test suites and increases defect coverage,
which directly corresponds with the need to adapt Al-ori-
ented solutions for international software projects.

Previous research concentrates primarily on the appli-
cation of Al methods for optimisation of particular aspects
of the software testing process, including automation of test
generation, defect prediction, or general optimisation of CI/
CD pipelines. The issue of test prioritisation in distributed
systems within international software production remains
insufficiently systematised in the literature, although such
systems combine heterogeneous execution environments,
different quality standards, asynchronous development
processes, and constraints on computational and temporal
resources. The influence of Al-oriented test prioritisation
on the coherence of decision-making between teams and
on the reproducibility of testing results in scalable environ-
ments also remains only fragmentarily examined. The pur-
pose of the study was to determine the effectiveness of Al
methods for test prioritisation in distributed systems of in-
ternational software production while accounting for archi-
tectural, organisational, and process characteristics of such
systems, and to formulate a generalised approach to inte-
gration of Al models into contemporary testing processes.
The objectives include comparison of results across different
configurations of distributed environments and quantitative
evaluation of the stability of prioritisation indicators under
variable workload and asynchronous development.

Materials and Methods
The study employed an empirical comparative design and
was conducted during 2024-2025 through experimental
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execution of test prioritisation algorithms in CI/CD envi-
ronments. The empirical study relied on both Ukrainian
and international software projects operating in distributed
environments, which enabled the evaluation of the effec-
tiveness of test prioritisation algorithms based on AI meth-
ods. Ukrainian projects consisted of client-server systems
and microservice solutions of medium and large scale, with
test suites ranging from 2,000 to 12,000 units. Internation-
al projects included open-source software systems based
on Java and Python, including Apache Kafka, the Jenkins
Pipeline for CI/CD automation, and several microservice
projects from GitHub that contained large sets of automat-
ed tests (1,000-50,000), representative of contemporary
international CI/CD practices. Project selection reflected
the intention to cover different architectural and organi-
sational development scenarios and to ensure comparabil-
ity of results across environments with different levels of
scale and complexity of CI/CD processes. All experiments
were executed in a distributed environment using clusters
based on Linux servers, where the number of computational
nodes varied from one to thirty-two. Scaling in the number
of nodes allowed evaluation of the influence of parallel and
distributed execution of tests on the performance of prior-
itisation algorithms, stability of results, and computational
resource costs, and also enabled verification of algorithm
effectiveness under different CI/CD configurations.

Three classes of datasets were constructed for the evalua-
tion of the effectiveness of test prioritisation algorithms. The
first class included Ukrainian distributed projects, which al-
lowed evaluation of algorithms under real local development
conditions. The second class consisted of international open-
source projects, which ensured examination of algorithm
scalability in complex CI/CD scenarios. The third class con-
tained synthetically modelled datasets with different levels
of defect proneness and test execution time, which allowed
isolation of the influence of individual algorithm parame-
ters and examination of model behaviour during scaling to
20,000 test units. Synthetic datasets were generated through
Python scripts with variation in defect proneness introduced
through random distribution of defect-informative tests cor-
related with test types and code coverage. Each dataset was
profiled according to test execution time, historical probabil-
ity of defect detection, criticality for business logic, degree of
code coverage, and interrelationships between tests.

All test prioritisation methods were grouped into six
coherent classes: (1) heuristic approaches (random pri-
oritisation, sorting by coverage and execution time), (2)
Genetic Algorithm (GA), (3) Particle Swarm Optimisation
(PSO), (4) machine learning methods (Random Forest
and gradient boosting), (5) Reinforcement Learning (RL)
methods based on Q-learning, and (6) hybrid approaches
combining ML with PSO. In the tables presenting resource
characteristics, the ML and RL classes were reported sep-
arately, whereas hybrid Al corresponded to the combina-
tion of ML + PSO. Deep Learning (DL) models were applied
as an alternative implementation of the ML class for the
evaluation of computational costs and were not considered
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a separate class in the comparison of Average Percentage
of Faults Detected (APFD) and Cost-cognizant Average Per-
centage of Faults Detected (APFDc).

The infrastructure consisted of clusters based on Li-
nux servers equipped with 16-64 computational cores and
128-512 GB of random-access memory, together with Sol-
id-State Drive (SSD) storage, which ensured accelerated
access to build artefacts and minimised delays during par-
allel test execution. The life cycle of CI/CD was modelled
in Jenkins and GitLab CI. Both these platforms allowed for
the reproduction of the steps that occur in parallel within
a microservice architecture. This enabled the evaluation of
the algorithmic efficiency in relation to the distribution of
tests across different nodes.

At the initial stage, profiling of test suites takes place.
During this step, metrics such as the probability of detect-
ing a defect in a test, the time it takes to execute each test,
and the criticality of each test are established. The identifi-
cation of defects in real projects uses data from issue-track-
ing systems (such as Jira and GitHub Issues) and the results
of previous test runs. A test that discovers many defects
in a codebase is said to be informative about defects. This
data forms the input parameters for the machine-learning
algorithms. The initialisation of these algorithms consists
of fixing the hyperparameters of the model. Sequences of
tests are generated for the initial execution of test suites.
Each test suite was executed at least thirty times. A total
of thirty iterations of each algorithm were performed. As a
result, average values for the APFD and APFDc metrics and
the time taken to execute the tests could be calculated. The
time taken to detect critical defects at a rate of 50%, 75%,
and 90% of critical defects could also be calculated.

The effectiveness of the algorithms could be evaluat-
ed using two main metrics, APFD and APFDc, as well as
several other metrics. APFD stands for Average Priority for
Defects. APFD is a metric that measures the rate at which
defects are detected early in the test suite. Mathematically,
APFD is calculated as (1):

APFD =1 2=ty -,

= <1>
where n — the total number of tests; m — the number of de-
fects; T, - the position of the first test that detects the i-th
defect within the ordered suite.

The APFD value ranges between 0 and 1. High APFD
values (closer to 1) indicate that the tests are effective-
ly prioritised and that most defects are detected early in
the execution. Low APFD values (closer to 0) indicate in-
efficient test case prioritisation. APFDc, or cost-cognisant
APFD, also considers the execution time of tests. The
APFDc measure is given in (2):

2_1 DefectDetectionTime;

APFDc = 2=t , (2)

TotalTestTime'm

where DefectDetectionTime, — the time required to detect
the i-th defect; TotalTestTime — the cumulative execution
time of all tests.
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The high values of APFDc indicate that the algorithm
can detect defects rapidly and with minimal time expend-
iture. The analysis also looked into temporal indicators,
such as the absolute and relative reduction of the time re-
quired to reach 50%, 77%, and 90% of the time required
to detect all defects. The consumption of CPU resources,
random-access memory, and other computational resourc-
es was also evaluated. Algorithm stability was assessed
through the standard deviation of APFD and APFDc val-
ues across repeated iterations, whereas scalability was
analysed through changes in performance associated with
increases in the number of tests and nodes within the dis-
tributed system.

Comprehensive evaluation of the effectiveness of test
prioritisation algorithms relied on averaged APFD and APF-
Dc values in combination with temporal and resource char-
acteristics. Relationships between algorithmic complexity,
growth of metric values, and resource expenditure were
examined through correlation analysis. Linear multiple
regression was applied for the evaluation of the influence
of project architecture, the degree of node distribution,
and the structure of test suites. Dependent variables were
APFD and APFDc, whereas independent variables includ-
ed architecture type (monolithic, microservice, hybrid),
number of nodes, suite size, mean test execution time, and
historical defect proneness. Statistical significance of coef-
ficients was tested through the Student t-test, model ade-
quacy was assessed through the F-test, and multicollinear-
ity was evaluated using the Variance Inflation Factor (VIF).
Statistical analysis was conducted using data from at least

thirty repetitions for each group of algorithms (heuristic,
population-based, ML, and hybrid). Normality was tested
through the Shapiro-Wilk test. Parametric methods (t-test,
ANOVA) were applied when normality conditions were sat-
isfied, whereas non-parametric methods (Mann-Whitney
and Kruskal-Wallis tests) were used when the assumption
of normality was violated. Effect size was assessed through
Cohen’s d and n?, and correction for multiple comparisons
was implemented through the Bonferroni method. Integra-
tion of AI algorithms into CI/CD processes occurred at the
stage of test planning. The results of prioritisation were
used for the dynamic formation of the test execution queue
in pipelines before automated execution.

Results

Comparative evaluation and analysis

of the reduction in test suite execution time

Empirical results confirm that all investigated Al-oriented
approaches show statistically significant improvement in
APFD and APFDc values compared with baseline heuristic
methods, including random prioritisation and sorting by
execution time or code coverage. The effect appears par-
ticularly pronounced for algorithms that employ machine
learning while incorporating defect history and structur-
al characteristics of tests, and for hybrid models in which
predictions of defect proneness serve as input parameters
for subsequent optimisation. Table 1 presents the averaged
APFD and APFDc values for the principal classes of algo-
rithms obtained from repeated experimental runs in a dis-
tributed environment.

Table 1. Comparative APFD and APFDc values for test prioritisation algorithms

Prioritisation algorithm APFD (mean) APFDc (mean) APFD standard deviation
Random prioritisation 0.51 0.47 0.042
Coverage-based heuristic 0.62 0.58 0.031
GA 0.71 0.66 0.028
PSO 0.73 0.69 0.025
ML (Random Forest) 0.76 0.72 0.019
Hybrid ML+PSO 0.81 0.77 0.014

Source: compiled by the author

The presented data indicate the increasing values of
the APFD index with passing from conventional and heuris-
tic approaches to intelligent optimisation methods. The re-
duction in standard deviation for Al algorithms is one of the
most indicative features. This allows to consider the process
of test prioritisation as not only an optimisation process,
but also as a stable information support process for the
CI/CD process. The interpretation of the APFD index values
indicates that the increasing value of this index is accompa-
nied by the increasing concentration of defects in the initial
part of the tested part of the test suite. This aspect is par-
ticularly important in the context of distributed software
systems. The early detection of software defects reduces
the unnecessary computation of the system, and it also re-
duces the unnecessary execution of tests on computational
nodes. The examination of the APFDc metric shows that the
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consideration of the test execution time reveals certain
hidden features of the capabilities of the considered algo-
rithms. For instance, the heuristic methods show acceptable
APFD values, but their efficiency decreases when the tests
that contain defects take a considerable amount of time to
execute. The hybrid AI methods maintain high APFDc val-
ues, indicating that they can optimise both the information
and temporal components of test cases.

The application of Al-based test prioritisation algo-
rithms allows for a statistically significant reduction in
the execution time of test suites within distributed soft-
ware systems, both of Ukrainian and international devel-
opment. The reduction in the execution time is achieved
through the early execution of high probability of defect
detection tests and the elimination of low-informative
tests. The absolute gain in execution time is calculated
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as the difference in execution time between the test suite
without prioritisation and the test suite with prioritisation
until a certain percentage of detected defects (50%, 75%,
and 90%). The obtained results show that for large test
suites (more than 10,000 tests), the mean absolute time
gain ranges from 28% to 46%, depending on the Al algo-
rithm applied. The largest effect appears in models com-
bining reinforcement learning with adaptive heuristics of
test cost, where the reduction in execution time required
to reach 75% defect coverage exceeds 40% compared with
baseline random ordering.

200
180
160
140
120
100
80
60
40
20
0

Without prioritisation Heuristic (coverage)

ML (gradlent

Relative time gain, normalised to the total duration
of the test cycle, demonstrates increasing efficiency with
growth in system scale and in the degree of distribution
of the execution environment. In monolithic CI pipelines,
the mean relative time reduction does not exceed 22-25%,
whereas in microservice architectures with parallel test exe-
cution, this indicator increases to 35-48%. This pattern indi-
cates that Al algorithms utilise properties of parallelism and
asynchronous scheduling more effectively, thereby minimis-
ing the critical path of test execution. Absolute and relative
gains in test suite execution time are presented in Figure 1.

RL-based (Q- Iearnmg Hybrid Al approach

boosting)

Figure 1. Absolute and relative gain in the execution time of the test suite

Source: compiled by the author

Analysis of the influence of these reductions on the
duration of CI/CD cycles indicates that shorter testing time
directly translates into shorter full integration and deliv-
ery cycles. On average, for projects with nightly builds, the
duration of the CI cycle decreased by 18-31%, whereas for
projects with continuous delivery, the reduction ranged
from 12-24%. This effect accumulated over time: during
one month of regular use of Al-based prioritisation, the
total savings in computational time reached dozens of
machine hours. A reduction in peak loads on the compu-
tational resources of CI infrastructure was also recorded.
The most resource-intensive tests were executed selective-
ly and earlier, which reduced overall competition for CPU
and I/O resources in later stages of the pipeline, positively
influencing build stability and decreasing the number of
time-outs. This confirms the role of Al not only as a mech-
anism for time reduction but also as a tool for optimisation
of information flows in distributed environments. Thus,
the results confirm that the use of Al-based test prioritisa-
tion algorithms produces not only local gains in test suite
execution time but also a systemic optimisation effect
across the software life cycle through shorter CI/CD cycles
and more rational use of computational resources.

Computational costs, resource efficiency,

and scalability of test prioritisation algorithms

The experimental implementation of the proposed in-
telligent test prioritisation methods indicated that the
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computational costs of these approaches are asymmetrical-
ly distributed between the training and execution phases.
The maximum CPU and memory consumption is recorded
during the training phase and drops significantly during
the execution phase. For classical machine learning mod-
els, such as gradient boosting and random forests, the CPU
utilisation reaches the range from 65% to 80% during the
training phase. In contrast, during the test execution phase,
this indicator does not exceed 10-15%. For reinforcement
learning models, the CPU utilisation reaches 85-95% during
the training phase. The consumption of computational re-
sources decreases to the level of heuristic methods after the
start of the execution phase with the established test policy.

In terms of memory consumption, the amount of his-
torical testing data that is processed and the number of
features that are used by the models have a significant ef-
fect on memory consumption. The complete test logs that
contain data from 6 to 12 months of testing require signif-
icantly more memory for training the models. For large in-
dustrial projects, this reaches 2.5 to 4 GB of memory. After
deployment, the memory consumption decreases by a fac-
tor of six to eight. This allows for the deployment of these
Al modules directly into the CI agents. The computational
costs of the algorithms were also analysed to determine
the applicability of these methods. This analysis included
measuring the CPU utilisation, the memory consumption,
and the execution time of the deployed methods. The re-
sults of this analysis are presented in Table 2.
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Table 2. Comparative computational costs of intelligent test prioritisation methods

Prioritisation CPU (training), % CPU (inference), IV_Ie.mory . Memory Training time, Infe!'ence. time
method % (training), GB (inference), GB min per iteration, s
Heuristic <5 <5 <0.5 <0.5 - <0.1
ML (boosting) 70-80 10-15 2-3 0.4-0.6 18-25 0.6-0.9
DL (neural network) 80-90 15-20 3.5-5 0.7-1 35-60 1.1-1.6
RL-based 85-95 12-18 3-4.5 0.5-0.8 40-75 0.8-1.3
Hybrid Al 75-90 1217 2.8-4 0.6-0.9 30-55 0.9-1.4

Source: compiled by the author

Model training time exhibits a substantial depend-
ence on the scale of the test suite and on the frequency of
model updates. For projects with daily CI runs, full retrain-
ing of models more frequently than once per day does not
produce a proportional increase in efficiency, while total
computational costs increase considerably. Incremental or
periodic training therefore represents the optimal strate-
gy, under which the time required for model maintenance
decreases by 25-40% without a statistically significant loss
in prioritisation quality. Algorithmic overhead associated
with the integration of AI modules into the CI/CD pipeline
is measured as the additional time between pipeline ini-
tialisation and the start of execution of the first test. The
results indicate that for most ML and RL approaches, this
overhead does not exceed 2-4% of the total duration of the
CI cycle, which corresponds in absolute terms to 5-20 sec-
onds for medium and large projects. Thus, overhead costs
remain substantially lower than the time gain obtained
through the reduction of test suite execution time.

Thus, despite relatively high resource costs during the
training stage, intelligent test prioritisation methods show
strong resource efficiency in the long term. Reduced load on
CI/CD infrastructure during regular executions, limited al-
gorithmic overhead, and a scalable inference phase confirm
that Al functions as an effective instrument for the opti-
misation of informational and computational processes in

modern distributed software development environments.
The analysis also indicates that with an increase in the
number of tests from small suites (up to 1,000 tests) to large
industrial configurations (up to 50,000 tests), non-intelli-
gent prioritisation algorithms demonstrate quasi-quadratic
growth in ordering time and a sharp decrease in the stabil-
ity of results. Intelligent approaches, particularly machine
learning and reinforcement learning models, preserve a
quasi-linear relationship between prioritisation time and
test suite size. This pattern arises because computational-
ly intensive operations occur primarily during the training
stage, whereas the inference phase scales proportional-
ly with the number of tests and does not require repeated
global analysis of the entire space of possible orderings.
Prioritisation quality decreases with growth in the
number of tests for all approaches, although the charac-
ter of this decrease differs substantially. Heuristic methods
demonstrate degradation of APFD by an average of 18-25%
when the scale increases from 1,000 to 50,000 tests, which
indicates the limited capacity of such algorithms to gener-
alise information about defect distribution in large-scale
systems. In the case of ML and RL algorithms, the reduction
in APFD does not exceed 6-9%, which may be interpreted
as the result of the capacity of these models to adapt to in-
creasing diversity of test scenarios and to utilise historical
execution patterns. The results are presented in Table 3.

Table 3. Impact of increasing test counts on prioritisation performance and quality

Number of tests Method Prioritisation time, s APFD APFDc

Heuristic 0.4 0.71 0.64

1,000 ML 0.6 0.82 0.78

RL 0.7 0.85 0.81

Heuristic 5.1 0.65 0.58

10,000 ML 6.3 0.80 0.75

RL 6.9 0.83 0.79

Heuristic 38.4 0.53 0.46

50,000 ML 41.7 0.77 0.72

RL 44.2 0.81 0.76

Source: compiled by the author

Scaling with respect to the number of computation-
al nodes highlights further patterns. The transition from
single-node execution to cluster configurations with 8-32
nodes indicates that intelligent algorithms used parallel
processing more efficiently, particularly in microservice en-
vironments with independent subsets of tests. ML and RL ap-
proaches demonstrate almost linear reduction in inference
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time with increasing numbers of nodes up to a certain
threshold, after which the effect saturates because of syn-
chronisation costs and metadata exchange between nodes.
The quality of the prioritisation remained on the same lev-
el during the scaling of the number of nodes. The values of
both APFD and APFDc varied within the range of statistical
error (¥1.5%) independently of the number of nodes, as long

Information Technologies and Computer Engineering, 2026, 23(1)
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as the unified informational space of the historical testing
data is maintained. From these results, it is clear that the

architecture influenced the performance, but the semantic
quality of the prioritisation was not affected (Table 4).

Table 4. Scaling with node count in a distributed environment

Number of nodes Inference time, s (ML) Inference time, s (RL) APFD (ML) APFD (RL)
1 1.6 1.9 0.80 0.83
4 0.9 1.1 0.80 0.83
8 0.6 0.7 0.79 0.82
16 0.5 0.6 0.79 0.82
32 0.48 0.58 0.79 0.82

Source: compiled by the author

In summary, the conducted analysis allows for the con-
firmation of the high quality and acceptable level of the test
execution algorithm performance even with a considerable
growth in the number of tests and test nodes. The scalabil-
ity of the proposed method is a systemic process, is based
on the separation of the training and testing stages, on the
effective use of parallelism, and due to the limited commu-
nication overhead. The obtained results indicate that using
Al for test prioritisation is suitable for distributed systems
of industrial scale.

Comparative analysis of intelligent optimisation
methods and the efficiency of hybrid approaches
The analysis of intelligent optimisation methods indi-
cates that the methods based on a population form differ-
ent strategies for searching for the optimal solution. The
strategies employed by genetic algorithms, particle swarm

optimisation, and ant colony optimisation algorithms de-
termine their specific behaviour during test prioritisation.
The quality of the obtained solutions is the most stable for
ant colony algorithms. The analysis of the obtained results
indicates that ant colony algorithms produce test sequenc-
es with a high concentration of scenarios that aim to find
and eliminate defects at the beginning of the test execu-
tion. This is due to the incorporation of information on the
defect distribution and the test execution time costs into
the pheromone trails. The quality of the solutions found
by genetic algorithms is slightly lower. The diversity of
the generated solutions is, however, critical for complex
test suites. The results of particle swarm optimisation are
promising, with high APFD values attained in the initial it-
erations. However, the results of some tests indicate that
the algorithm converges prematurely. The results of this
analysis are presented in Table 5.

Table 5. Comparative quality of solutions of intelligent optimisation methods

Method APFD (mean) APFDc (mean) APFD variance
Genetic algorithm 0.79 0.73 0.0048
PSO 0.81 0.75 0.0061
ACO 0.83 0.79 0.0032

Source: compiled by the author

The presented data indicate that the quality of solutions
obtained in the case of more sophisticated heuristic algo-
rithms, such as ACO, is better than in the case of classical
methods. The mean values of the APFD and APFDc for PSO
and ACO are almost the same, but ACO has a lower variance
of the APFD value, which means that the algorithm repro-
duces the quality of high-quality solutions more stably. Thus,
the results indicate that, although all three algorithms pro-
vide a considerable increase in the quantity of defects detect-
ed early in the testing process, ACO provides more reliable
results. The obtained results also allow drawing a conclusion
about the convergence speed of the considered algorithms.

The differences in the convergence speed of the al-
gorithms have a significant impact on their applicability
in CI/CD environments. For example, PSO converges to
90% of the maximum achieved APFD value after 20-30
iterations. This makes PSO very attractive in scenarios
where time is limited. In comparison, genetic algorithms
require more generations to stabilise the quality of solu-
tions. However, ACO has a slower initial convergence
rate. After accumulating sufficient information, the qual-
ity of solutions improves rapidly, and the final solutions
produced by ACO exceed the results obtained with other
methods (Table 6).

Table 6. Comparison of convergence speed

Method Iterations to 90% APFD Full stabilisation, iterations
Genetic algorithm 45-60 80-100
PSO 20-30 40-50
ACO 50-65 70-90

Source: compiled based on experimental modelling and statistical data analysis
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The presented data indicates significant differences
in the way that the various population-based algorithms
converge upon the solution. The PSO algorithm is the fast-
est in reaching 90% of the APFD value, as it requires a sig-
nificantly smaller number of iterations than either the GA
or the ACO. This indicates that the PSO algorithm is very
well adapted to the initial distribution of the solutions in
the population. The genetic algorithm takes a more gradu-
al approach to reaching a stable solution; it requires 80 to
100 iterations to fully stabilise its results. The ant colony
algorithm features characteristics of both of the other two
algorithms. The PSO and ACO algorithms converge more
slowly than the PSO, but they reach full stabilisation ear-
lier than the genetic algorithm. These results indicate that
there is no best algorithm; rather, the choice has to be a
compromise between the need for rapid initial coverage of
the number of defects and the requirement for stable and
high-quality results.

The sensitivity of the algorithms to various parame-
ters is another of the key factors. The results indicate that
the genetic algorithm is most dependent on the choice of
the probabilities of crossover and mutation. The smaller
the value of the mutation probability, the higher the risk
of losing the diversity of the population. Conversely, if the
mutation probability is increased to high levels, the quality
of the solutions will tend to degrade. The PSO algorithm is
highly sensitive to the choice of the inertia and interaction

coefficients. ACO algorithms are the most stable in terms
of the parameters, although the speed of execution is high-
ly dependent on the pheromone evaporation coefficient.
None of the approaches is best in all aspects. The genet-
ic algorithm is most suitable for the complex and unstable
testing environment. The PSO algorithm attains the best
balance between the speed and quality of the results in the
initial iterations. Thus, it is most suitable for interactive
CI systems. Finally, ACO yields the best final quality of the
generated test suites with the lowest variance in the results.

The integration of machine learning methods and heu-
ristic optimisation algorithms produces different solutions
to those generated by the separate application of the in-
dividual methodologies. The increase in the quality of the
generated test suite prioritisation is higher for test cases
using the proposed methods. The main result that can be
drawn from these experiments is that the machine learning
method is used to estimate the cost and the probability of
finding defects using tests, which considerably reduces the
search space for the optimisation algorithm. The average
increase in the APFD achieved by the hybrid methods is be-
tween 6 and 11% in comparison to the approaches using
machine learning algorithms alone. The increase relative
to optimisation methods alone is between 12 and 18%. The
results are presented in Table 7, which shows the mean val-
ues of the APFD and APFDc metrics attained by the differ-
ent types of approach.

Table 7. Comparative effectiveness of hybrid and non-hybrid approaches

Approach APFD APFDc Relative increase in APFD
Heuristic 0.71 0.64 -
ML 0.80 0.75 +12.7%
Intelligent (GA/PSO/ACQ) 0.79 0.74 +11.3%
Hybrid (ML + optimisation) 0.86 0.82 +21.1%

Source: compiled by the author

This table highlights the effect that the integration of
machine learning methods and optimisation algorithms
into the test prioritisation process has upon the system as
a whole. The results indicate that the integration of these
two methods leads to a synergistic increase in the quali-
ty of the solutions generated by the approach. This high
increase in APFD and APFDc values within the results for
the hybrid approach indicates that the model is able to ef-
fectively reduce the time costs of the testing process. The
classical heuristic methods show the efficiency of the ba-
sic approach, but they also indicate the limited capacity of
those methods to focus the tests that are most likely to un-
cover defects. The results of this table also suggest that the
approach to hybrid methods is systemic in its impact upon
the test prioritisation process. This approach ensures that
there will be a simultaneous and significant improvement
in the performance and reliability of the testing informa-
tion in the CI/CD process.

Another benefit of the use of the hybrid approach is
that the method is adaptable to unstable development
environments. This is achieved through the fact that the
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method is able to dynamically change the test prioriti-
sation strategy according to the changes in the system.
The emergence of new tests and the changing system
architecture will be detected by the machine learning
module, and the heuristic optimisation will ensure that
the reconfiguration is smooth and does not require the
restart of the optimisation process. This ensures that the
quality of the test prioritisation will be maintained, even
if the historical test data is not complete. The fact that
the solution of the compromise between solution quality
and resource expenditure is an aspect that should be con-
sidered in the consideration of the applicability of such
methods (Table 8). The integration of ML and optimisa-
tion algorithms increased the computational costs of the
test prioritisation process. The increased consumption of
CPU and RAM resources in operation within CI/CD pipe-
lines is no more than 15-20% as compared to systems
that use only ML algorithms. The increase in the quality
of test prioritisation and the reduction of testing time ex-
ceed any additional costs of such increased computation-
al requirements.
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Table 8. Trade-off between quality and resources for different approaches

Approach CPU (Inference), % Memory, GB Prioritisation time, s APFD
Heuristic <5 <0.5 0.3 0.71
ML 12 0.6 0.9 0.80
Hybrid 15-18 0.8 1.2 0.86

Source: compiled by the author

Table 8 provides a summary of the relationship be-
tween the quality of the solutions provided by various test
prioritisation algorithms and the resources required to
execute these algorithms. The table shows that heuristic
algorithms require fewer resources to execute but provide
a relatively lower quality of solutions. Machine learning
models substantially increase APFD while increasing CPU
utilisation, memory consumption, and prioritisation time.
Hybrid approaches demonstrate the strongest effect in
terms of solution quality, while the increase in resource
expenditure remains relatively controlled. These dynamic
highlights that hybrid methods achieve an optimal bal-
ance between testing efficiency and computational cost,
which confirms their suitability for application in scalable
distributed systems.

Thus, hybrid approaches based on machine learning
and heuristic optimisation therefore provide the most fa-
vourable balance among prioritisation quality, adaptability
to change, and resource efficiency. Synergy between the
predictive capacity of ML models and the global search
potential of optimisation algorithms confirms the value of
considering hybrid methods as a promising direction in the
development of intelligent test prioritisation systems in
scalable distributed software environments.

Comparison of the results of applying Al algorithms
in Ukrainian and international projects

The results of the comparative analysis of the applica-
tion of AI algorithms for test prioritisation in Ukrainian
and international software projects demonstrate that the

effectiveness of intelligent approaches depends on struc-
tural and organisational characteristics of the projects
themselves. The differences in the architecture of soft-
ware systems, the testing processes and the maturity of
CI/CD processes impact the way in which Al solutions can
be integrated and operated within those systems. The ma-
jority of software projects in Ukraine use software archi-
tectures with mixed structures. Most of these projects also
use manually created regression tests. As such, there is a
substantial improvement in the quality of test case priori-
tisation achieved by using Al algorithms. However, the im-
provement is limited by the availability of historical data
and the stability of defects.

APFD values increase on average by 14-19%, which
indicates the capacity of the models to compensate for
structural heterogeneity in test suites while also indicat-
ing the presence of informational constraints. Interna-
tional software projects, in contrast, are predominantly
based on microservice or service-oriented architectures
with clearly formalised interfaces and standardised test-
ing practices. Test suites in these systems demonstrate
higher homogeneity, larger volumes of automated tests,
and more complete execution logs. Under these condi-
tions, Al algorithms achieve higher effectiveness, provid-
ing APFD increases in the range of 22-28% and stable AP-
FDc values even under substantial growth in the number
of tests. These characteristics allow international projects
to be interpreted as a favourable environment for the
training and scaling of intelligent models. Comparative
results are presented in Table 9.

Table 9. Comparative results of Al-based test prioritisation

Project type Architecture Average APFD APFD improvement Result stability
Ukrainian Monolithic/hybrid 0.78 +16% Medium
International Microservices 0.85 +25% High

Source: compiled by the author

The data confirm that the effect of Al-based prioritisa-
tion is not universal but depends on structural character-
istics of the system. Distributed microservice architectures
of international projects demonstrate the highest increase
in APFD and high stability of results, which arises from
the improved capacity of algorithms to exploit parallelism
together with information on historical defect patterns.
Monolithic and hybrid systems in Ukrainian projects show
a smaller effect and medium stability, which indicates a
stronger influence of internal structural constraints and a
more limited potential for optimisation of early defect de-
tection. Thus, the results emphasise the systemic effect of

Al-based prioritisation and the necessity of adapting algo-
rithms to the specific characteristics of system architecture
and project type.

Another critical factor that affects the universality of
the proposed algorithms is the structure of the test suites.
In the projects from Ukraine, a significant portion of test
suites includes duplicated and weakly differentiating tests.
In contrast, international projects feature tests that are as-
sociated with individual services and business functions.
The analysis of these test suites confirms that the effective-
ness of Al models depends primarily on the quality of the
engineering of the test data. The analysis of universality
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of the algorithms indicates that the model trained on data
from international projects works adequately for domestic
projects as well. However, the APFD value drops within the
range of 7-12%. In contrast, models trained on domestic
test data are less successful when applied to international
projects, as the quality of their solutions drops by 15-20%.
These results allow to conclude that the use of diverse and
representative training datasets is vital for developing gen-
eralisable Al solutions.

The results of the performed experiments indicate that
the models developed for the purpose of Al-oriented test
prioritisation have limited transferability from one type
of software project to another. When applying a model
trained on international microservice projects to domestic
projects, the early defect detection indicator (APFD) drops
by approximately 9%. In the other direction, when applying
models trained on domestic projects to international dis-
tributed systems, the APFD drops by approximately 18%.
These results indicate that the effectiveness of Al-based
prioritisation algorithms depends on the similarity of the
architectural design, structure of test suites, and distribu-
tion of the software components between the projects on
which the models are trained and those used to execute the
prioritisation algorithm.

The graphical representation of the obtained empirical
results for different test prioritisation algorithms was sub-
jected to formal statistical verification. The results of the

normality test indicate that most of the algorithmic meth-
ods generate non-normal distributions of the APFD and
APFDc metrics. The differences between the algorithms
were tested using the Wilcoxon signed-rank test and the
correction for multiple comparisons, and the Friedman test
for the global effect of differences.

The analysis emphasises that the null hypothesis con-
cerning the absence of differences among algorithms is re-
jected with a high level of statistical significance for both
APFD and APFDc metrics. P-values in most comparisons are
substantially lower than the threshold value of p=0.05,and in
several cases reach the level of p=0.01, which indicates stable
effects and a low probability of random origin. Pronounced
differences appear between heuristic approaches and hybrid
ML-oriented algorithms, which confirms the qualitatively
different level of efficiency of the latter (Table 10).

Analysis of the p-values indicates that all comparisons
among classes of algorithms are statistically significant,
which confirms the reliability of the identified differences
in the speed of early defect detection. The hybrid approach
demonstrates a highly significant advantage over other
methods, which confirms its systemic efficiency in combin-
ing informational value and temporal optimisation of test
suites. Synthesis of these results highlights that intelligent
prioritisation methods provide substantial improvement in
early defect detection indicators relative to baseline heu-
ristics and purely optimisation-based approaches.

Table 10. Results of statistical tests for the APFD metric

Algorithm comparison Mean APFD difference p-value Statistical significance
Heuristic — ML 0.09 0.003 Significant
ML - optimisation 0.02 0.041 Significant
Optimisation — hybrid 0.05 0.006 Significant
ML - hybrid 0.06 0.001 Highly significant

Source: compiled by the author

The obtained 95% confidence intervals for hybrid ap-
proaches are substantially shifted towards higher quality val-
ues and show almost no overlap with the intervals of heuris-
tic methods. Partial overlap appears only between several ML

and optimisation algorithms, which indicates similar yet not
identical characteristics of their efficiency. Table 11 presents
an evaluation of the precision of mean APFD values for dif-
ferent classes of algorithms using 95% confidence intervals.

Table 11. 95% confidence intervals for the APFD metric

Algorithm Mean APFD 95% confidence interval
Heuristic 0.71 [0.68,0.74]
ML 0.80 [0.78,0.82]
Optimisation 0.79 [0.76,0.81]
Hybrid 0.86 [0.84,0.88]

Source: compiled by the author

The analysis establishes that the effects associated
with the transition from heuristic to ML and hybrid ap-
proaches correspond to medium and large effect sizes,
whereas differences among individual optimisation algo-
rithms are small or moderate in magnitude. This indicates
that statistically significant yet small differences in mag-
nitude do not always carry decisive practical importance
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for algorithm selection in real CI/CD scenarios. The results
of the statistical verification allow for the conclusion that
there are significant differences between the tested prior-
itisation algorithms. The results indicate that the intelli-
gent and hybrid algorithms outperform conventional algo-
rithms. In addition, the advantages of the intelligent and
hybrid algorithm remain stable across different test cases.
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Discussion

The analysis of the literature indicates that there is an
increasing focus on the challenges related to the integra-
tion of artificial intelligence and machine learning meth-
ods within software testing. For example, D. Okrushko &
A. Kashtalian (2023) examined a system for task distribu-
tion and evaluation in software development with empha-
sis on organisational and process aspects. The researchers
demonstrated that formalised allocation of work and pro-
ductivity metrics improves coordination of teamwork in
distributed projects. Comparison with the results obtained
in shows only partial correspondence, since the current
study focuses not on task management but on the behav-
iour of test suites and their efficiency under the influence
of AI models. The general review conducted by A. Bura-
chynskyi & A. Shantyr (2025) confirmed the potential of
Al to reduce testing costs and accelerate feedback cycles.
These conclusions broadly correspond with the findings
of the present study, which recorded improved efficiency
of test prioritisation. The present study, however, empir-
ically verified this effect through specific metrics within
CI/CD environments, whereas the results of A. Burachyn-
skyi & A. Shantyr (2025) remain largely generalised. Simi-
lar conceptual conclusions regarding the role of Al and the
transformation of the functions of the test engineer were
presented by P.S. Mohapatra (2025) and by S. Banala et
al. (2025), though these studies are primarily review-ori-
ented and do not provide detailed empirical verification
within distributed pipelines.

Issues related to the availability of representative
data, risks of overfitting, and difficulties of integrating
models into real CI/CD processes were examined in detail
by K. Sugali (2021). The researcher noted that without ap-
propriate infrastructural support, the advantages of Al and
ML may not be realised fully. These conclusions correspond
partly with the empirical results obtained in the present
study. The investigation also indicated that the quality
and stability of AI models for test prioritisation depended
strongly on the availability of historical data and on the
architectural characteristics of distributed systems. Archi-
tectural aspects of distributed Al were analysed by E. Bac-
cour et al. (2022), who justified the value of decentralised
and hybrid models for reducing latency, though without
direct reference to software testing tasks.

The synthesis presented by Z. Khaliq et al. (2022)
further emphasised the difficulties of scaling Al solu-
tions and the instability of Al effects in industrial envi-
ronments. These observations correspond with the less
stable efficiency improvements recorded in real projects
within the present study. The conclusions of those re-
searchers help explain partial discrepancies between
results reported in individual studies and the empirical
data obtained, since the current study explicitly consid-
ered organisational and process-related factors in inter-
national projects. In considering these factors, it becomes
clear that the obtained results are more stable than in the
case of studies that considered only the technical level of
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the models. Therewith, the systematic review conducted
by M. Islam et al. (2023) brought together the results of
numerous research studies and concluded that Al-based
methods tend to improve the accuracy of defect prediction
in software testing. While the results obtained correspond
to some extent to these conclusions, in real projects, more
stable improvements in the efficiency of the testing pro-
cess are not demonstrated. The main reason for this is
the fact that the studies conducted by M. Islam et al. used
datasets cleaned of noise, while the data used in the pres-
ent study were from industrial projects. O. Vorochek &
I. Solovei (2024) also investigated the application of ar-
tificial intelligence (AI) tools to the automation of soft-
ware testing. In their study, the authors provide an anal-
ysis of the major AI methods in the context of automated
software testing, including machine learning algorithms
and intelligent data analysis techniques. The conclusions
that they reached correspond to the results obtained in
the present study regarding the value of Al-oriented ap-
proaches to software testing.

Several research studies are devoted to investigating
the use of machine learning and reinforcement learning
methods for automation of software testing and test case
prioritisation. The study conducted by J. Farah (2021) is
one such effort that shows improvements in testing pro-
ductivity, and the study conducted by T. Shi et al. (2020)
used reinforcement learning to prioritise the test cases to
be performed on a software system. The results reported
by those researchers correspond with the empirical data
obtained in the present study, particularly regarding im-
proved efficiency of test execution in complex distributed
environments. Differences in the magnitude of effects arise
from the fact that the cited experiments used controlled
environments, whereas the present study relied on real
CI/CD processes in international projects, which produced
greater variability in the results.

In the report by P.D. Sawant (2024), a test-case pri-
oritisation approach for regression testing using classical
machine learning algorithms is proposed. The researcher
recorded improvements in test execution order compared
with random and heuristic strategies, although experi-
ments were conducted on limited datasets and within a
controlled environment. Comparison with the present
study shows only partial correspondence, since in the an-
alysed internationally distributed projects, the impact of
architectural complexity and asynchronous CI/CD process-
es significantly reduced the effectiveness of isolated ML
models without adaptation or hybridisation mechanisms.
General increases in efficiency and accuracy of automat-
ed testing using classical ML models were demonstrated
by P. Nama et al. (2021). They emphasised reductions in
manual effort and acceleration of test cycles, which broad-
ly correspond with the empirical results obtained regard-
ing reduced test execution time. However, the researchers
did not analyse model behaviour in distributed environ-
ments, which rendered their observed effects less stable.
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In turn, the study by A. Sharif et al. (2021) introduced the
DeepOrder model, which employed deep learning for test
prioritisation in continuous integration environments. The
researchers highlighted substantial improvements in early
defect detection compared with conventional approaches.
These results align with the present findings on the advan-
tages of Al-oriented methods, though the current study
records an additional effect from combining ML with opti-
misation algorithms.

Some studies propose alternative approaches with-
out the use of complex AI models. M. Mahdieh et al. (2022)
show that combining structural diversity of tests with his-
torical defect data can improve testing efficiency without
complex machine learning models. Comparison with the
present results indicates partial correspondence, as this
approach also enhances testing metrics. However, lower
efficiency in complex distributed scenarios is explained by
the absence of adaptive learning and integration with CI/
CD processes, which represents a key advantage of Al-ori-
ented models examined in the current study. C. Birchler et
al. (2023) demonstrate that multi-objective optimisation —
considering scenario coverage, safety, and diversity — im-
proves the quality of testing complex cyber-physical sys-
tems. These results conceptually align with the current
findings on the value of hybrid and multi-factor strategies,
though direct correspondence is limited. The study by M.
Weiss & P. Tonella (2022) presents a replicative analysis of
test prioritisation methods for neural networks, showing
that relatively simple heuristic and statistical techniques
can compete with complex AI models. These conclusions
do not correspond with the results of the present study,
in which hybrid and ML-oriented approaches consistently
outperform heuristics.

In a systematic review, R. Anwar & M.B. Bashir (2023)
analysed Al-oriented methods for software requirements
prioritisation. In the article, the researchers identify cer-
tain patterns of ways in which the efficiency of certain
processes is increased through the implementation of
various types of models. Furthermore, the results of these
studies are in line with the present study in that they in-
dicate that the combination of different types of AI meth-
ods is a general trend in the area. For instance, the article
by A.S. Yaraghi et al. (2022) reports that their approach
achieved high levels of accuracy and efficiency. These re-
sults are generally in line with the findings of this study,
though less pronounced in some contexts. For example,
they found that their model was less effective in scenar-
ios with high variability in system configuration. This is
likely due to the different type of contexts in which those
studies were conducted; A. Yaraghi et al. focused on con-
texts with stable continuous integration processes, while
the current experiments used dynamic scenarios. Overall,
the previous research generally supports the findings of
the present study in that AI methods have the potential to
be useful in the testing of software. However, the discrep-
ancies between the results of those previous studies and
the present study are likely the result of these different
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experimental contexts. Therefore, further research on this
topic is required.

Conclusions

The results indicate that regardless of the method used
to create the test case prioritisation sequences, the effect
was consistent. The analysis of the APFD and APFDc val-
ues indicated that random approaches resulted in APFD
values of 0.51 and 0.47, respectively, with a standard de-
viation of 0.042. The use of heuristic algorithms that fo-
cused upon code coverage resulted in APFD values of 0.62
and 0.58 (o =0.031). The population-based methods, such
as genetic algorithms and PSO, achieved APFD values of
0.71-0.73 and 0.66-0.69 (o = 0.025-0.028). The machine
learning methods, such as Random Forest, achieved APFD
values of 0.76 and 0.72 (o = 0.019). The use of a hybrid
method of machine learning and PSO achieved the best
results, with APFD values of 0.81 and 0.77 (6=0.014). The
calculation of the time required to execute these tests also
indicated a benefit of these methods. For instance, the
execution time for test suites was reduced from 23 min-
utes (for coverage-based heuristics) to 61 minutes (for
the hybrid AI approach), representing a 17% and 45.2%
reduction, respectively. The implementation of gradient
boosting and RL-based Q-learning models led to a 37-min-
ute (27.4%) and 54-minute (40%) reduction of test suite ex-
ecution time, respectively. These results also indicate that
the application of these methods to CI/CD processes will
significantly reduce the length of those processes. For pro-
jects that compile nightly, there will be an average saving
of 18-31% of process time, while those that use continuous
delivery will save 12-24%.

The results from the aggregated analysis of these dif-
ferent methods lead to the understanding that the gains
achieved by a method are not linearly related to the com-
plexity of the algorithm. For instance, methods that focus
on learning from the historical data in a test suite gener-
ally achieve the highest gains. Furthermore, even though
the most complex methods in terms of computational ef-
ficiency achieved the highest values for APFD, their high
required computational effort limits their applicability
in certain environments. For instance, the analysis of the
results of the different approaches to computational effi-
ciency indicates that the maximal effect is achieved when
the method balances the use of computational resources
with the gains in APFD. As such, the implementation of a
machine learning method that first performed the initial
reduction of the search space to be solved by a heuristic
method achieved high APFD and relative time gains of 0.81
and 0.77, 45.2%, respectively. This leads to suggestions for
future research, such as the performance of additional ex-
periments to investigate the effectiveness of these meth-
ods in different types of distributed systems and dynamic
DevOps/DevSecOps environments.
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Zadoroghnii

EdeKTUBHICTb 3QCTOCYBAHHS LUTYYHOrO iHTENEKTY
Ans npiopuUTUsauii TecTis y po3nogineHnx cucteMax yKpaiHCbKoro
Ta MidkHapopaHoro Bupo6HuuyTea N3

AHppin 3aQ0pPOXHIN

MaricTp, CTapLWniA iHXeHep 3 PO3POBKN NPOrPAMHOrO 306e3MNeYeHHs B TECTYBOHHI
CLTS Technologies Ltd. dba Agquanow

V6E 2M6, Byn. Bect Menpep, 1095, M. Bankyeep, KaHapa
https://orcid.org/0009-0001-0307-8976

AHoTaUig. AKTyaIbHICTh HOCTIIKEHHST 3yMOBJIEHa 3pOCTAaHHAM CKJIaAHOCTI posnoninenux Continuous Integration/
Continuous Delivery (CI/CD)-cucteM Ta OOMEXKEHICTIO TpPaaMIiifHUX E€BPUCTUYHUX MiAXOAiB A0 mpiopuTH3arii
TEeCTiB, sIKi He 3a06e3Meuyl0Th JOCTAaTHBOI CTabiIbHOCTI Ta MacmTab0BaHOCTI B YMOBaX BEeIMKUX TECTOBUX HAbOPiB i
0OMeskeHMX OOUMCIIOBAIBHUX pecypciB. Y 3B’SI3Ky 3 LMM IIOCTa€ MOTpeba y MOIIYKY OiNbII aganTUBHUX METOJiIB
omTMMi3allii mpoiecy TecTyBaHHS. MeToOw IOCTIIKeHHSI OYJ0 eMIipMYHO BM3HAUMTM OCOOIMBOCTI 3aCTOCYBAHHS
MeTofiB ITyYyHOro iHTenekty (III) ajist mpiopuTu3alii TecTiB y po3nofiieHnx cepeJoBMIIAX PO3POOKM ITPOrpamMHOTO
3abe3neueHHs] Ta OGIPYHTYBATM MPAKTMUYHMII Migxin mo inTerpauii Il y mpoiec aBTOMAaTH30BaHOTO TECTYyBaHHSI.
HocmimkeHHsT 6a3yBaaocs Ha MOPiBHSJIBHOMY eKCIIepMMeHTaTbHOMY aHauli3i iHTe/lleKTyalbHUX Ta riOpUIHUX METOMiB
npiopuTu3alii TecTiB y po3MoJieHMx CUCTeMax i3 BUKOPUCTAHHSIM MeTpuk Average Percentage of Faults Detected
(APFD) Tta Cost-cognizant Average Percentage of Faults Detected (APFDc). PesynbTaTu HOCTIIKEeHHS MOKa3ain
repeBary iHTEJIEKTyaJIbHUX i TiGPMOHUX MiAXOMiB IO TpiopMTHU3alii TeCTiB HaL TPaAULiAHUMM €BPUCTUKAMMU B
cepepoBuiax CI/CD. BumaakoBa mpiopuTusaiiis qeMOHCTpyBaia HaltHWKYY eekTuBHicTb i3 APFD 6amsbko 0,51, Toni
SIK TIPOCTi €BPUCTUYHI CTpaTeTii MigBUILYBaIN 1€l MOKa3HUK 10 pu6an3Ho 0,62. [TonynsuiiHi MmeTonu 3abe3nevdyBann
TOAAJIbIIe 3pOCTAHHS SIKOCTi mpiopuTu3ariii 7o piBHs 6;in3bKo 0,72, a aJITOPUTMY MAIIMHHOTO HaBUYaHHS — 10 6/IM3bKO
0,76, o MiATBEpAKYE MOLIMbHICTh BUKOPUCTAHHSI MPOTHO3YBaHHS Ne(GeKTHOCTI AJIS afanTUBHOTO BIIOPSIAKYBAHHS
TectiB. HaiiBuii pesynbraTy OyJ0 OTPUMAHO MJisI TiGPUIOHMUX IiAXOMiB, SIKi MOEAHYBaAM MaIlIMHHE HAaBYAHHS 3
onTuMisallielo pow yactuHok: APFD mocsiraB npu6iamsHo 0,81, a yac BMKOHAHHSI TECTOBMUX HAOOPiB CKOPOUYYBaBCS
maitke Ha 45 %. Le cBimuMTh mpo cuHepriiiHMit edekT iHTerpalii MPOTHO3HUX MOZeNeil 3 ONTUMi3aLiifHUMMU
aATOpUTMaMM Ta MiATBEPAXYE MPAKTUYHY IOLIAbHICTh TiGPUAHUX METOLIB [/ MACIITAO0BAHUX PO3TOLiTEHUX
CI/CD-cepenoBuil. Pe3ynbTaTi SOCTIIKEHHSI MOXKYTb 6TV BUKOPUCTAHI pO3pOO6HMKAMM ITPOrPAMHOrO 3a6e3IeyeHHs],
KOMaHgaMu 3abe3reueHHsI SIKOCTi Ta iHskeHepaMMm AJisI ONITUMi3allii MpoIeciB TeCTyBaHHS Y PO3MOIIIEHUX CUCTEMax

KniouoBi cnoBa: iHTesekTyanbHi alrOpUTMM; MAllMHHE HAaBYaHHS; ri6puMIHi MeTomM; ONTMMI3aLiiiHi ajropuTMu;
MaciTaboBaHiCTh; e()eKTUBHICTb TECTYBAHHS
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