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Abstract. The relevance of the study is determined by the need to enhance the effectiveness of software testing,
where the use of large language models and prompt engineering techniques opens new opportunities for the automated
generation of high-quality test cases. The purpose of the study is to evaluate the effectiveness of prompt engineering
strategies in test case generation by large language models. The methodology is based on a comparison of four prompt
engineering techniques, namely zero-shot, few-shot, chain-of-thought, and role prompting, for unit test generation
using the CodeLlama 2 and StarCoder language models in the PyTest and JUnit environments, with evaluation according
to the criteria of code coverage, relevance, defect detection, and integration suitability. The analysis demonstrated
that few-shot and role prompting provide the best balance between the quantity and quality of tests, with coverage of
85-100% and relevance of 88-95%, whereas chain-of-thought proved effective for complex logic and identified 16 of 20
embedded defects (80%), while zero-shot was limited to basic checks with coverage of 55-65% and accuracy of 70-75%.
CodeLlama 2 demonstrated stable test generation with high consistency across repeated queries (90%), an average
generation time of 16.2 s, and 52 tests per module, covering basic and complex scenarios, including edge cases and
exceptions. StarCoder demonstrated higher speed (14.7 s), generated 50 tests with slightly lower stability (87%) and
reduced coverage of complex scenarios, which rendered it effective for rapid validation of basic functions. The highest
levels of readability, modularity, and integration suitability for CI/CD pipelines were observed with role prompting,
whereas few-shot ensured a strong balance between structured output and practical test readiness, while chain-
of-thought and zero-shot exhibited specific limitations. Combined use of models and prompting strategies enables
optimisation of the test generation process, enhancing relevance, coverage, and the effectiveness of automated testing.
The results of the study may be applied in automated software testing, integration into continuous integration and
delivery pipelines, and training of quality assurance engineers in effective test generation methods

Keywords: CodeLlama; StarCoder; zero-shot prompting; few-shot prompting; chain-of-thought prompting; role
prompting; CI/CD integration

Introduction

The relevance of this study is determined by the rapid pro-
liferation of large language models (LLMs) in the field of
software development and the need to enhance the effec-
tiveness of testing processes. Software testing convention-
ally requires substantial resources and time, whereas the
quality and completeness of test cases directly affect the
reliability of the final product. The use of LLMs opens new
opportunities for automated test generation; however, the
effectiveness of this approach largely depends on the way
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prompts are constructed. In contemporary Ukrainian aca-
demic discourse, studies devoted to large language models
increasingly focus on the effectiveness of prompt engi-
neering and model interpretability in applied domains. In
the study by I. Yurchak et al. (2024), prompting techniques
aimed at improving the productivity and controllability
of large language models are analysed in detail. The re-
searchers demonstrated that an optimal combination of
role prompting and few-shot examples ensures a reduction
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in hallucination rates and an increase in accuracy in tasks
involving the generation of program code or analytical
texts. The study by S. Levitskyi & V. Mokin (2025) placed
emphasis on evaluating the robustness of large language
models to manipulative and disinformation influences;
however, the obtained results have a direct connection with
issues of effective prompting. The researchers showed that
variations in prompt formulation may lead to significant
differences in model responses, particularly in contexts
where adherence to factual accuracy is critical. This study
thus confirms the key role of ethical and semantic control
over prompt engineering in ensuring the credibility of re-
sults. A different perspective is proposed by A. Novakovsky
& 1. Yalovega (2025), who conducted a categorisation of
the cognitive and analytical capabilities of large language
models, including aspects of their learning behaviour un-
der different prompt types. The researchers demonstrated
that the ability of LLMs to generalise, argue, and construct
logical relations depends substantially on the semantic
structure of prompts and the level of task contextualis-
ation. They emphasise that context-enriched prompts
enhance the capacity of models for multi-step reasoning,
while structured instructions strengthen the reproduction
of complex cause-and-effect relationships.

The study by L. Naimi et al. (2024) proposed an ap-
proach for the automatic generation of test cases from use
case diagrams through the application of LLMs and prompt
engineering. In their approach, prompts are adapted to the
specific characteristics of software modules and usage sce-
narios, which ensures increased functional coverage and
test correctness. A distinctive feature lies in the focus on
real business processes, which enables the verification of
basic functionality, edge cases, and exceptional situations
in complex systems. P. Sahoo et al. (2024), in a systematic
review, summarised the main techniques and areas of ap-
plying prompt engineering in LLMs, identifying key strat-
egies for prompt optimisation, methods for the combined
use of zero-shot and few-shot approaches, and techniques
for enhancing response stability in models. The researchers
stressed that the effectiveness of test generation directly
depends on the selection of prompts and their adaptation
to the specific nature of software engineering tasks. G. Adu
(2024) examined the application of LLMs for the automatic
generation of scenarios and test cases in software contexts
through combining prompt engineering, fine-tuning, and
Retrieval Augmented Generation. The study highlighted
those combined approaches enable an increase in func-
tional coverage and improve test correctness and relevance,
which is particularly important for complex business logic.
The study demonstrated that adapted prompts allow LLMs
to operate effectively even with non-standard or rare sce-
narios. S. Alagarsamy et al. (2025) focused on optimising
LLMs for the generation of test cases from textual descrip-
tions. The paper demonstrated that appropriately selected
prompt engineering strategies improve the accuracy of gen-
erating both basic and complex tests, particularly for mul-
ti-component modules. The researchers emphasised that

the integration of LLMs into automated testing processes
reduces test preparation time and decreases the number
of human errors. S. Lim & R. Schmalzle (2023) extended
the application of prompt engineering beyond traditional
software engineering by demonstrating the effectiveness
of LLMs in generating messages for healthcare. Despite
the different domain, the study confirmed the importance
of accurate prompt formulation for achieving relevant and
structured results, which bears direct relevance to the con-
struction of precise test scenarios in software engineering.

Research conducted from 2021 to 2025 also confirms
that large language models not only perform code genera-
tion tasks but also demonstrate a high level of autonomy in
prompt formulation. S. Anasuri (2024) focused on the de-
velopment of best practices in prompt engineering for code
generation tools. The researcher emphasised that model
performance largely depends on clear task formulation,
structured examples, and the use of role-based context.
The study highlighted the importance of standardising
approaches to prompt formulation to ensure reproducibil-
ity of results and high quality of test scenarios, which is
particularly relevant in the context of CI/CD pipelines and
integrated testing of large software systems.

Previous studies showed that prompt engineering in
large language models considerably increases the effec-
tiveness of test case generation and the quality of auto-
mated testing. However, most studies focused on isolated
aspects, such as comparisons of different prompt types or
the optimisation of specific models, without a comprehen-
sive empirical evaluation of test generation effectiveness
in real-world software projects with different program-
ming languages and integration into CI/CD pipelines.
The purpose of this study was to determine how different
prompt construction strategies influence the ability of
large language models to generate high-quality test sce-
narios with adequate code coverage and defect detection in
real projects. The following tasks were defined: to analyse
the influence of prompt types on the quality of the gen-
erated tests, their structure, readability, and integration
into CI/CD pipelines; to compare the performance of LLMs
(CodeLlama 2 and StarCoder) in test generation based on
code coverage metrics, test relevance, and the ability to de-
tect embedded defects.

Materials and Methods

The study utilised an experimental applied approach, since
it involved practical verification of the effectiveness of dif-
ferent prompt engineering techniques in real software pro-
jects. Experiments were conducted during 2024 and May
2025 in a virtualised environment using current versions of
testing and CI/CD tools. Large language models CodeLla-
ma 2 and StarCoder were used in the study, both demon-
strating a high level of effectiveness in code generation and
code understanding tasks. Open-source medium-sized soft-
ware projects written in Python and Java were selected for
empirical verification. These projects contained modules
with clearly defined business logic, which made it possible
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to assess the relevance and completeness of the generat-
ed test cases in the context of real scenarios. Experiments
were performed in a virtualised environment with config-
ured test automation tools PyTest 8.2.0 and Junit 5.11.0,
integrated into the GitHub Actions CI/CD pipeline. This se-
lection ensured the reproducibility of the study and enabled
verification of the practical applicability of the results for
contemporary software development processes.

Four approaches to prompt formulation were devel-
oped. In the case of zero-shot prompting, the models re-
ceived only the task without any additional examples. Few-
shot prompting involved the provision of several illustrative
examples intended to guide the LLM towards the desired
response format. Chain-of-thought prompting emphasised
the necessity of intermediate reasoning steps, which en-
sured more detailed logic in test creation. Role prompting
assigned the models a specific role-based context: an ex-
perienced tester was applied during the generation of func-
tional and negative test cases, while a quality assurance
engineer was used when developing scenarios for the eval-
uation of stability and defect reproducibility. Unified tem-
plates were prepared for each approach, guiding the gener-
ation towards the creation of unit tests with an emphasis on
functional capabilities and exception handling.

The research process consisted of consecutive stages
that enabled a comprehensive evaluation of the effective-
ness of the proposed approaches. Specific software mod-
ules requiring test creation were first selected. Prompts
were then formulated in accordance with the defined
prompt engineering techniques. Direct test generation by
the language models followed this step. The obtained re-
sults were integrated into the source code of the projects
and verified using PyTest and JUnit, which enabled eval-
uation of the operability of the created test scenarios un-
der real conditions. Various usage scenarios were modelled
for a full evaluation of effectiveness: standard functional
verification, testing of exceptional situations, and detec-
tion of intentionally embedded defects. This ensured a

comprehensive evaluation of the ability of the models to
cover functionality and identify errors.

The quality of the obtained test cases was analysed
using several complementary criteria. Code coverage was
regarded as the priority indicator, defined as the percent-
age of functions and methods covered by the created tests.
The next aspect was relevance, which implied alignment
of test logic with the functionality of the software module
and the absence of incorrect checks. Attention was devot-
ed to defect detection, namely the ability of tests to iden-
tify pre-embedded errors. The quality of the structure of
the resulting scenarios was also assessed, including their
clarity, modularity, and suitability for integration into CI/
CD pipelines. The acceptability criteria were defined by the
following threshold values: code coverage of no less than
80%, a proportion of correct tests of at least 85%, and the
ability to detect no fewer than 70% of control defects.

Results

Analysis of test case generation

using different prompt types

Empirical results demonstrated that different prompt con-
struction approaches substantially influence the number
of generated tests, their completeness, and their compli-
ance with functional requirements. In the zero-shot case,
the models produced an average of 60-70% of the expect-
ed number of tests, while the proportion of relevant tests
reached approximately 75%. The few-shot approach signif-
icantly improved these indicators: the models generated
an almost complete set of tests, and relevance reached 88-
92%, which indicated the benefit of providing examples for
model guidance. Chain-of-thought prompting enabled the
generation of more detailed and logically structured test
scenarios, particularly for modules with complex business
logic, although the overall number of tests was sometimes
lower than under the few-shot approach. Role prompting
demonstrated a high level of relevance, exceeding 90%, and
a high degree of test structure (Table 1).

Table 1. Comparison of test case generation by prompt type

L)
Prompt type Nun;lfaz;gi(t:::ls, % Relevance, % Generation features Result analysis
Suitable for basic modules;
. g Rapid generation, occasionally insufficient coverage of complex
Zero-shot 60-70 75 misses complex scenarios functions; time-saving in prompt
formulation
Best balance between test quantity
Few-shot 85-100 88-92 More corgﬁlﬁg Z)r(\;:lna:clceusrate tests and quality; provides high relevance
P and coverage
Produces structured tests for
Chain-of- Detailed logical sequences, complex logic, though may generate
80-95 85-90 ; ’ ;
thought particularly for complex functions fewer tests; requires longer
processing time
Recommended for complex
Role 80-95 90-95 High structural coherence and scenarios; high relevance and
prompting human-like reasoning readability of tests; requires correct
role specification

Source: compiled by the author
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As shown in the table, few-shot and role prompting
demonstrate the highest effectiveness in the generation
of test scenarios, ensuring both completeness and rele-
vance. Few-shot is suitable for a wide range of modules
due to the presence of examples that orient the model.
Role prompting proves particularly effective in the case
of complex or multi-level functions, where test structure
and “human” logical reasoning are critical. Zero-shot
is suitable for the rapid generation of basic tests, yet it
demonstrates lower relevance and coverage, especially for
complex modules. Chain-of-thought is appropriate for in-
depth logical analysis of code and enables the generation

of more detailed scenarios, yet it sometimes produces a
smaller number of tests and requires extra processing
time. Hence, the choice of prompt engineering technique
should depend on module complexity and test coverage
requirements, which enables optimisation of the test
generation process and enhancement of QA process ef-
fectiveness. The entire process, from prompt selection to
result evaluation, is presented in Figure 1. The diagram
illustrates how different prompt engineering strategies
influence the number, structure, and relevance of tests,
together with their integration into the development en-
vironment and CI/CD.

A 4

Zero-shot
Selection of prompt type q
Few-shot
\ 4 > Chain-of-thought
Formulation of a specific prompt
> Role prompting
v > . !
Unit tests for core functions
The LLM processes the prompt
> Tests for exceptional cases

Generation of test scenarios

Tests for complex logic

\ 4

Integration into PyTest / JUnit

Integration into code and CI/CD

!

Execution of tests in the development environment

Collection of execution results

Evaluation of results

v v

\ 4
Conclusions on prompt effectiveness

v

Number of tests (coverage completeness)

Relevance and accuracy of tests

Defect detection (percentage of detected errors)

Structural quality and integration suitability

Figure 1. Test scenario generation from prompt selection to result evaluation

Source: compiled by the author

Analysis of the flowchart indicates that test scenario
generation is clearly dependent on the selected prompt type
and the logic of its formulation. The prompt engineering
strategy at the initial stage determines not only the num-
ber and relevance of tests but also their structural proper-
ties and complexity. The next stage involves processing the
prompt by LLM, which generates a set of test scenarios cov-
ering different aspects of the code, ranging from basic unit
tests to tests for exceptional situations and complex module
logic. Integration into the development environment and

Information Technologies and Computer Engineering, 2026, 23(1)

CI/CD ensures the practical applicability of the tests, while
their execution enables the collection of metrics related to
code coverage, relevance, structure, and defect detection ef-
fectiveness. The diagram demonstrates that test generation
effectiveness increases under more detailed and structured
prompt approaches, for example, few-shot or role prompt-
ing, whereas simpler strategies, such as zero-shot, ensure
speed but provide lower relevance and coverage. The visual-
isation confirms that the correct sequence of stages is criti-
cal for achieving high quality in automated tests.
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Code coverage and test relevance

The analysis results demonstrated substantial variabili-
ty depending on the applied prompt type. Tests generat-
ed in the zero-shot mode showed the lowest indicators.
They covered an average of only 55-65% of functions,
while many complex scenarios remained unaddressed.
The accuracy level in this case reached 70-75%, which
indicated partial correctness of the obtained results: sim-
ple functions were tested satisfactorily, yet exception-
al situations were often ignored. In contrast, few-shot
prompting demonstrated the best performance. Function
coverage reached 85-95%, and test accuracy consistently
remained within 88-92%. The inclusion of examples in
prompts enabled the model to generate more structured
and comprehensive tests that adequately reflected the
behaviour of program code, even in complex cases. This

approach proved to be the most balanced in terms of the
quantity and quality of tests. Chain-of-thought prompting
ensured coverage at the level of 80-90% and accuracy of
85-90%. It performed particularly well in cases of complex
algorithmic blocks that required step-by-step verification
of logic. At the same time, the emphasis on detail led to
the omission of some simple functions, which resulted in
slightly lower overall completeness than in the few-shot
approach. Role prompting produced results close to those
of a few-shot. Function coverage ranged from 82-93%,
while test accuracy reached 90-95%. The main distinction
of this approach lies in the more “human-like” structure
of the tests: they imitate the practice of an experienced
QA engineer, pay attention to edge cases, and ensure high
relevance. This made role prompting useful for practical
application in real testing teams (Table 2).

Table 2. Code coverage and test relevance by prompt type

Prompt type Function coverage, % Test accuracy, % Notes
Zero-shot 55-65 70-75 Partially covers basic functions; complex scenarios
are frequently missed
: g ] Provides the highest coverage and relevance; examples

Few-shot 8595 88-92 in prompts help generate accurate tests

vy y : Well-suited for complex logic; may miss some simple functions
Chain-of-thought 80-90 85-90 due 1o focus on detail

B : ! Structured and human-like tests; high relevance, particularly

Role prompting 82:93 90-95 for complex scenarios

Source: compiled by the author

Analysis of the table confirms that the highest quali-
ty indicators are ensured by few-shot and role prompting.
Their results are nearly identical, although the former re-
lies more strongly on examples, while the latter depends
on role context, which shapes more meaningful scenarios.
Chain-of-thought is optimal for in-depth analysis of com-
plex code segments, yet it does not guarantee full cover-
age. Zero-shot, despite its speed and simplicity of appli-
cation, demonstrated limited results and may be regarded
only as an auxiliary tool for the initial development of test
sets. Hence, the results show that a comprehensive evalu-
ation based on coverage and relevance indicators enables
a clear identification of the strengths and weaknesses of
different prompt engineering strategies. In practical ap-
plication, the most effective solution involves the use of

few-shot and role prompting, while other approaches
should be combined depending on objectives and the na-
ture of the software product.

Defect detection and test effectiveness

The experimental results indicate that different approach-
es to test case generation demonstrate substantial differ-
ences in the ability to detect embedded errors. Analysis of
the ratio of detected defects to their total number enabled
evaluation of both the effectiveness of each approach and
the relevance of tests to the assigned tasks (Table 3). For a
clear presentation of the effectiveness of different prompt
construction strategies in detecting embedded defects, a
diagram is provided that shows the percentage of detected
errors for each method (Fig. 2).

Table 3. Ratio of detected defects to injected defects

Prompt type Number of injected defects Detected defects
Zero-shot prompting 20 9
Few-shot prompting 20 14

Chain-of-thought 20 16
Role prompting 20 13

Source: compiled by the author
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Role prompting
Chain-of-thought
Few-shot prompting

Zero-shot prompting

40 50 60 70 80 90

Figure 2. Effectiveness of prompting methods in defect detection

Source: compiled by the author

The analysis indicates that the highest effectiveness was
achieved by the chain-of-thought approach, which enabled
the detection of 16 out of 20 embedded errors, or 80%. This
confirms the capacity of multi-step reasoning to improve the
logical justification of checks and coverage of different scenar-
ios. Few-shot prompting ranked second at 70%, which demon-
strates the benefit of learning from examples. Zero-shot

prompting proved to be the least effective at 45% because,
in the absence of context, the model frequently misses criti-
cal defects. Role prompting showed a moderate result at 65%,
which indicates that although role specification helps to struc-
ture testing, it is less effective without examples or multi-step
logic. The main types of defects most frequently detected by
each prompting method are presented in Figure 3.

Zero-shot N Syntactic
”| e Basic logical
T »n
23
Q< Few-shot Syntactic
© 2 — > .
© £ e Logical
22 o Exceptions
< E. e Edge cases
o
w 2
© a — . ] Algorithmi
=y Chain-of-thought gorithmic
£ e Multi-step logical
-
Role prompting > Integration-related
e Exceptional situations
e Atypical scenarios

Figure 3. Types of defects most frequently detected by different prompting methods

Source: compiled by the author

The scheme demonstrates a clear specialisation of each
prompting method in detecting different types of defects,
which enables an evaluation of the strengths and weak-
nesses of the approaches in practical testing. Zero-shot
was limited to only basic categories of defects, namely
syntactic and simple logical errors. This indicates that, in
the absence of examples or supplementary guidance, the
model is capable of rapidly covering basic functionality yet
overlooks complex scenarios, such as edge cases or mul-
ti-step logical errors. Few-shot demonstrated the widest
range of detected defects. The model identified not only
syntactic and basic logical errors but also more complex
categories, including exceptions and edge cases. This high-
lights the benefit of including examples in prompts, which
orient the model towards specific scenarios and support
more precise identification of problematic areas of code.
This approach increases both test relevance and the capac-
ity to detect critical defects. Chain-of-thought specialised
in algorithmic and multi-step logical errors. Through step-
by-step reasoning, the model was able to identify complex

Information Technologies and Computer Engineering, 2026, 23(1)

interrelations between code components that are difficult
to verify by simple prompts. At the same time, this meth-
od proved less effective in detecting basic syntactic errors,
since the primary focus was placed on complex logic. Role
prompting was distinguished by its ability to detect inte-
gration defects and errors arising in atypical scenarios or
during module interaction. This approach models the be-
haviour of a user or an experienced QA engineer, which en-
ables tests to reproduce real operating conditions of soft-
ware systems. However, role prompting is less effective in
covering simple syntactic or basic logical errors unless it is
complemented by examples or multi-step logic. In general,
analysis of the scheme confirms the appropriateness of a
combined application of methods: few-shot and chain-of-
thought ensure broad and deep defect coverage, whereas
role prompting adds contextual verification of integration
and atypical scenarios, and zero-shot may be applied for
rapid generation of basic tests. This approach enables an
increase in the overall effectiveness of testing while mini-
mising omissions in the detection of critical defects.
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Evaluation of structural quality

and integration suitability of tests

The study demonstrated how different approaches influ-
ence the practical readiness of tests, enabling evaluation of
their reusability, maintainability, and integration into the
development process. The subsequent analysis examined

Zero-shot Few-shot

6

o = N W b~ o

these indicators in detail, identified the advantages and
limitations of each approach, and confirmed the feasibil-
ity of combining methods to achieve optimal test quality.
Figure 4 presents the key indicators for each prompting
method: test readability, modularity, and suitability for au-
tomated execution in CI/CD pipelines.

Chain-of-thought Role prompting

Figure 4. Key performance indicators for each prompting method
Note: blue - test readability, orange — modularity, grey — suitability for automated execution in CI/CD pipelines

Source: compiled by the author

The evaluation results indicate substantial differenc-
es in structural quality and integration suitability of tests
depending on the prompt type. Zero-shot generated basic
tests that exhibited average readability and modularity, yet
low integration suitability. This is explained by the fact that
test cases were often repetitive or not optimally decom-
posed into modules, which complicated their automated
execution in CI/CD pipelines. Few-shot demonstrated high
readability and modularity, since the presence of examples
in prompts enabled the model to form structured and log-
ically complete test cases. Integration suitability was also
high, although certain difficulties occasionally arose due to
additional dependencies that required environment con-
figuration or data reuse. Chain-of-thought produced tests
with a high level of detail and strong modularity, which sup-
ported their reuse for verification of different components.
At the same time, readability sometimes suffered because
of excessive detail, while integration suitability remained

moderate, as tests sometimes required complex dependen-
cies that complicated their execution in automated pipe-
lines. Role prompting ensured the highest evaluation across
all categories: tests were maximally readable, logically
structured, and modular. Through the development of sce-
narios approximating the behaviour of an experienced QA
engineer, they were easily integrated into CI/CD pipelines
and automated execution. This approach demonstrated
that role-based prompting enables the model to form tests
that are immediately ready for practical application in de-
velopment and testing processes. In general, analysis of the
table confirms that the combination of few-shot and role
prompting ensures an optimal balance between readabili-
ty, modularity, and integration suitability of tests, whereas
zero-shot and chain-of-thought exhibit specific limitations
that should be considered during implementation in CI/CD
processes. Figure 5 illustrates the relationship between the
structural quality of tests and their integration suitability.

‘ Readability Few-shot

1

‘4' Role prompting ‘

Few-shot

M

‘ Modularity

1

Chain-of-thought

’_‘

Role prompting ‘

‘ CI/CD integration (from highest to lowest)

Few-shot

T

‘ Role prompting

—

Chain-of-thought

1

Zero-shot ‘

Figure 5. Dependence of test structure on the type of prompting and integration suitability

Note: compiled by the author

The scheme demonstrates that different prompting
methods differed across three key indicators of test qual-
ity: readability, modularity, and integration suitability
within CI/CD. Readability was highest in few-shot and role
prompting, since the presence of examples or a role-based
context supported the development of logically structured
and comprehensible test cases. Modularity was high in
few-shot, chain-of-thought, and role prompting, which

enabled tests to be reused for verification of different com-
ponents without substantial code modification. With re-
gard to integration suitability, the best results were demon-
strated by role prompting, since tests were developed in
close alignment with the human logic of a QA engineer and
were easily integrated into CI/CD pipelines. Few-shot en-
sured good integration, although it occasionally required
additional configuration due to dependencies on examples
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embedded in the prompts. Chain-of-thought showed mod-
erate integration suitability as a result of complex logical
dependencies, whereas zero-shot demonstrated the lowest
level, since tests were basic and less structured. Thus, the
combination of few-shot and role prompting enabled the
achievement of an optimal balance between readability,
modularity, and readiness for integration into CI/CD pro-
cesses, whereas zero-shot and chain-of-thought exhibited
specific advantages for rapid generation of basic tests or for
in-depth verification of logic, respectively.

Comparison of the performance

of the CodeLlama 2 and StarCoder models

During the experiments, the models demonstrated different
approaches to test generation depending on the complexity

of the scenario (Table 4). StarCoder is characterised by a
higher speed of test creation, which enables the rapid pro-
duction of basic functional tests. However, in cases where
edge or exceptional scenarios require coverage, its outputs
occasionally require additional verification and refine-
ment, since the structure of tests could vary across re-
peated generations. CodeLlama 2 ensures more stable and
predictable test generation. Its results are characterised by
high consistency across repeated queries and by detailed
verification of functional logic. Through this characteristic,
unit tests are more structurally organised and cover both
basic and complex scenarios, including exceptional situa-
tions and integration scenarios between modules. This fea-
ture renders CodeLlama 2 more suitable for comprehensive
testing and for automated verification of software systems.

Table 4. Performance of the CodeLlama 2 and StarCoder models

Test generation Response stability Number of -
Model time (mean, s) (%) generated tests Characteristics of the results

High stability, well-structured tests, effective

Codellama 2 16.2 %0 52 coverage of edge cases and exceptions

Fast generation, minor variations in test
StarCoder 14.7 87 50 structure, slightly lower coverage of complex

scenarios
Source: compiled by the author
Discussion

The table demonstrates that each model possesses
specific advantages and shortcomings. StarCoder ena-
bles the rapid generation of basic test scenarios, which
are useful for quick verification of module functionality.
However, the lower stability of the results limits its use for
critically important testing of complex logic. CodeLlama 2
is characterised by high stability and the ability to cover
various types of scenarios, including boundary and ex-
ceptional cases. This increases the relevance of the tests
and makes them more suitable for continuous integration
and automated execution. The number of generated tests
is comparable between the models, but CodeLlama 2 en-
sures more comprehensive coverage of the program logic
and defect detection.

In addition, the repeatability of results under multi-
ple generations of tests for the same module was analysed.
CodeLlama 2 demonstrated stability of approximately 90%,
whereas StarCoder reached 87%. The difference in stabili-
ty was especially evident in complex scenarios with mul-
ti-step logic and integration dependencies between func-
tions. These findings indicate the feasibility of combining
the models in practical use: StarCoder was applied for the
rapid generation of basic tests, whereas CodeLlama 2 en-
sures stability and comprehensive logic coverage. Overall,
the results show that the combination of the models en-
sures an optimal balance between the speed of test gen-
eration, their stability, and the ability to cover diverse us-
age scenarios. This approach increases the effectiveness of
automated testing and makes the results more suitable for
integration into modern software development processes.

The findings show that the few-shot, chain-of-thought,
and role prompting strategies ensure the highest effec-
tiveness in automated test creation. CodeLlama 2 exhib-
its higher stability at 90% and the ability to operate with
complex scenarios, whereas StarCoder ensures higher
generation speed but slightly lower predictability of re-
sults. In the group of studies devoted to prompt engineer-
ing methods, S. Vatsal & H. Dubey (2024) conducted a
review and systematised prompt engineering techniques
for various natural language processing tasks, including
code generation and automated testing. The researchers
emphasised the advantage of few-shot and multi-step
prompts over zero-shot approaches, since they ensured
higher relevance, response consistency, and more com-
plete coverage of functional scenarios. These conclusions
correlate with the obtained results: few-shot achieved 85-
100% coverage and 88-92% relevance, whereas zero-shot
achieved only 55-65% coverage and 70-75% accuracy.
Thus, the conducted study confirms a general tendency
that the presence of examples in prompts is critically im-
portant for the generation of accurate and relevant tests.
The study by C.Y. Wang (2025) focused on the optimisa-
tion of different prompt types for code generation and
showed that role-based prompts and prompts with step-
by-step reasoning yield structured tests and effectively
cover complex scenarios. The obtained results confirm
these conclusions: role prompting ensured 82-93% cov-
erage and 90-95% accuracy, whereas chain-of-thought
detected 16 out of 20 defects at 80%, which demonstrates
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the effectiveness of step-by-step reasoning for complex
logic and integration scenarios.

]J. Wang et al. (2024) and M. Schifer et al. (2023) ad-
dressed the empirical evaluation of automated testing with
large language models. Both studies confirm that mul-
ti-step and example-based approaches ensure high perfor-
mance in unit test generation, especially for complex sce-
narios. The present study similarly showed that StarCoder
rapidly generates basic tests, with an average time of
14.7 seconds and stability of 87%, whereas CodeLlama 2
ensures greater stability and detailed coverage of complex
scenarios, with an average time of 16.2 seconds, stability of
90%, and 52 test cases. The difference in stability between
the models is explained by variations in experimental con-
ditions, including project size and programming languag-
es, and does not contradict general trends in the literature.
In turn, L. Belzner et al. (2023) examined the integration of
large language models into real projects, pointing to the
potential for improving development effectiveness and
test automation, while also emphasising the complexity of
adapting models to specific scenarios. The present results
confirm these conclusions: the use of different prompt
types enables the adaptation of test scenarios to code spe-
cifics and ensures an optimal balance between generation
speed and test relevance. For example, chain-of-thought
achieved 80% defect detection, whereas few-shot achieved
70%, which demonstrates the effectiveness of multi-step
and example-based prompts in complex scenarios.

Within the prompt engineering domain, B. Chen et
al. (2025) conducted a review of prompt design methods
and established that the use of examples and role-based
prompts significantly increases the accuracy and structural
coherence of large language model outputs. This correlates
with the obtained findings. The researchers also noted that
prompts which place the model in the role of an expert en-
hance the quality of test integration into real workflows,
which aligns with the present conclusion regarding the
high integration suitability of role prompting in CI/CD
processes. H. Strobelt et al. (2022) examined interactive
and visual prompt design methods for adapting models to
specific tasks and emphasised the role of user intervention
in model configuration. This partially explains why role
prompting in the present study ensured the highest reada-
bility and structural coherence of tests: the prompts effec-
tively model the behaviour of an experienced QA engineer,
which allows the automatic generation of tests ready for
integration into real processes.

Another group of studies focused on the fundamen-
tal principles of prompt engineering for large language
models. In particular, A. Gao (2023) demonstrated that
proper query formulation considerably affects the ac-
curacy and relevance of responses, along with model
consistency in the performance of complex tasks. Con-
ceptually, this approach is similar to the one proposed
in the current study in terms of the staged configuration
of system behaviour under specific conditions. Howev-
er, A. Gao did not address resource management or the

integration of resilience mechanisms, which represent
key elements in the present study. Meanwhile, S. Feng &
C. Chen (2024) showed that the use of prompts for the
automatic reproduction of bugs on the Android platform
allows a substantial reduction in manual testing time and
improves coverage of edge cases. This correlates with the
obtained results for chain-of-thought prompting, which
ensured 80% defect detection and high structural coher-
ence of tests, particularly in complex scenarios.

In the study by C. Pornprasit & C. Tan-
tithamthavorn (2024), the combination of fine-tuningand
prompt engineering was shown to improve the effective-
ness of automated code review. The researchers devel-
oped methods for adapting models to specific syntax and
structural features of code. Similar to the present staged
approach (timeouts — repeated calls — sidecar), the study
demonstrated the benefits of a systematic, incremental
introduction of improvements. However, the research-
ers did not take into account the physical constraints of
the system, which were considered in the current model
through the monitoring of the CPU, memory, and laten-
cy. B. Clavié et al. (2023) focused on prompt engineering
for task classification in a corporate environment. Their
results demonstrated that role-based prompts consider-
ably increase the accuracy and structural organisation of
outputs. This supports the present conclusions regard-
ing role prompting, which ensures the highest readabili-
ty and integration suitability of tests, along with 90-95%
accuracy. T. Radcliffe et al. (2024) investigated prompt
automation for the detection of semantic vulnerabilities
in large language models. The researchers emphasised
that, without proper prompt configuration, even power-
ful models may miss critical errors. This explains why
zero-shot in the present study ensured only 45% defect
detection and low integration suitability: the absence of
context and examples limits model effectiveness in com-
plex scenarios.

In the study by W. Cain (2024), educational aspects
of prompt engineering were examined, demonstrating
that proper query configuration can significantly improve
learning effectiveness and reduce the risk of incorrect re-
sponses. The researcher emphasised the importance of a
multi-level approach and systematic testing. Conceptu-
ally, the common emphasis on incremental optimisation
is obvious, but W. Cain focused on the cognitive and ed-
ucational aspects of large language models, while in the
current study resource and system management interface
was applied to ensure resilience and load balancing in real
microservice systems. The study by A. Fan et al. (2023)
presented a review of the current state of large language
models in software engineering, particularly for test auto-
mation, code generation, and bug fixing. The researchers
noted that combined approaches based on multi-step and
role-based prompts ensure the highest accuracy and struc-
tural coherence of outputs. This fully correlates with the
obtained data, in which chain-of-thought and role prompt-
ing demonstrated the best coverage and relevance of tests
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at 80-95%. L. Plein et al. (2024) showed that large language
models can effectively generate test scenarios based on bug
reports, which enables the automation of software verifica-
tion processes. The present study confirms this: few-shot
and chain-of-thought approaches ensured 70-80% defect
detection with high test structural coherence, particularly
in complex and integration scenarios.

N. Alshahwan et al. (2024) investigated automated
improvement of unit tests in a large organisation (Meta)
using large language models. They established that mod-
els provided with detailed examples and context gener-
ated more accurate and reproducible tests, which aligns
with the obtained results: CodeLlama 2 demonstrated 90%
stability and high predictability of tests, whereas StarCod-
er was faster but less stable. The difference in speed and
stability also explains the necessity of combined model us-
age in practical scenarios. J. Velasquez-Henao et al. (2023)
proposed a methodology for optimising interactions with
large language models in engineering tasks through struc-
tured prompt configuration and regular verification of
results. The researchers demonstrated that this approach
enhances model accuracy and allows systematic control
of performance. Multi-level optimisation is similar to the
staged implementation of resilience mechanisms in the
current model. The distinction lies in the application do-
main: J. Velasquez-Henao et al. focused on algorithmic-lev-
el engineering tasks, whereas current research addressed
physical and logical aspects of microservice systems.
D. Grabb (2023) demonstrated that prompt engineering
can significantly improve large language model perfor-
mance in specific medical scenarios, particularly under
high risk of errors. The study showed that systematic query
optimisation reduces the likelihood of incorrect outputs
and increases model stability. His results correlate with
the present methodology in terms of systematic adapta-
tion and enhanced stability. The presented model, howev-
er, additionally accounted for hardware resources, service
degradation, and request balancing in distributed systems,
which were not investigated in the cited study.

A. Nayyar et al. (2025) systematically reviewed strat-
egies for prompt optimisation in large language models,
including role prompting, few-shot methods, and inte-
grated scenario approaches, which confirms the present
observations regarding the appropriateness of combining
approaches to achieve high test accuracy and structural
coherence. The researcher also noted that project-specif-
ic conditions and codebase sizes can affect model perfor-
mance, which explains partial discrepancies in coverage
percentages between the present experiments and other
studies. E. Jiang et al. (2022) developed PromptMaker, a
system for prototype testing based on prompts, which en-
ables interactive evaluation and configuration of prompt
strategies. The study emphasised the importance of adapt-
ing prompts to task-specific requirements and supports the
present results: role prompting ensured high readability,
structural coherence, and integration suitability of tests,
particularly for complex scenarios.

Comparison of the present study with previous findings
indicates general alignment regarding the effectiveness of
prompt strategies for large language models. Few-shot and
chain-of-thought strategies provide the highest accuracy
and coverage of test scenarios, whereas role prompting
improves structural coherence, readability, and integration
suitability of tests. The findings also demonstrate slightly
higher stability and coverage for CodeLlama 2 compared
with some publications, which may be explained by dif-
ferences in project selection, programming languages,
and model configurations. Overall, the study confirms key
trends in automated test generation using large language
models while providing practical evaluation of specific
models’ performance in real-world conditions, making it a
valuable addition to existing findings.

Conclusions

The empirical analysis demonstrated that the effectiveness
of test scenario generation depends directly on the type of
prompt employed. Zero-shot produced only 60-70% of the
expected number of tests with relevance of approximate-
ly 75%, rendering it suitable only for the rapid generation
of basic checks. Few-shot proved to be the most balanced
approach, providing 85-100% coverage and relevance of
88-92%. Chain-of-thought enabled 80-95% of tests with
relevance of 85-90%, producing more logically structured
scenarios, particularly for complex functions, although
it occasionally lagged behind few-shot in quantity. Role
prompting exhibited the highest quality, achieving 80-95%
coverage and 90-95% relevance, ensuring structural coher-
ence and human-like reasoning in the tests. Consequently,
the most effective strategies are few-shot and role prompt-
ing, whereas zero-shot and chain-of-thought remain use-
ful for narrow application cases.

The analysis indicated that zero-shot delivered the
lowest results, with coverage of only 55-65% and accuracy
of 70-75%, making it suitable solely for basic checks. Few-
shot demonstrated the best performance with 85-95% cov-
erage and 88-92% accuracy, reflecting a balance between
test quantity and quality. Chain-of-thought achieved 80-
90% coverage and 85-90% accuracy, effective for complex
logic but less comprehensive for simple functions. Role
prompting provided 82-93% coverage and 90-95% accu-
racy, generating structured and human-like tests, particu-
larly useful for complex scenarios. Overall, few-shot and
role prompting are the most effective, whereas chain-of-
thought and zero-shot are best applied in specific cases.
Chain-of-thought prompting proved the most efficient in
defect detection, identifying 16 out of 20 defects (80%),
confirming the advantage of stepwise reasoning for com-
plex logic. Few-shot ranked second with 14 defects (70%),
demonstrating the benefit of examples for increasing test
relevance. Role prompting identified 13 defects (65%), per-
forming well in integration and atypical scenarios, while
zero-shot detected only nine defects (45%), limited to basic
errors. An optimal balance is achieved through the com-
bined use of few-shot and chain-of-thought for covering
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critical logical errors, with role prompting adding realistic
verification and zero-shot applicable for rapid generation
of simple tests. The study showed that role prompting
produced the highest readability and integration suita-
bility, with tests that were logically structured, modular,
and readily incorporated into CI/CD pipelines. Few-shot
ensured high readability and modularity, with slightly
lower integration readiness. Chain-of-thought generated
detailed and reusable tests, although integration suitabil-
ity was moderate due to complex dependencies, while ze-
ro-shot produced basic tests with moderate readability, low
modularity, and the lowest integration suitability.
CodeLlama 2 provided more stable and predictable
test generation, with high consistency on repeated queries
(90%), an average generation time of 16.2 seconds, and 52
generated tests, covering both basic and complex scenar-
ios, including edge cases and exceptions. StarCoder was
faster (14.7 seconds), generating 50 tests with slightly low-
er stability (87%) and less coverage of complex scenarios,
making it useful for rapid verification of basic functionali-
ty. Combined model usage optimises the balance between
generation speed, stability, and coverage completeness,
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enhancing the effectiveness of automated testing and in-
tegration into CI/CD.

Limitations of the study included the use of only two
language models and a relatively small sample of medi-
um-sized software projects developed in Python and Java,
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er technology stacks. The study did not consider the influ-
ence of specific architectural features, such as microservice
or event-driven structures, which may significantly affect
the effectiveness of automated test generation. Future re-
search should extend the analysis to additional models, di-
verse programming languages, and complex enterprise sys-
tems with integration into different CI/CD environments.
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LLiBuaka po3po6ka BeNMKMX MOBHUX Mogenen
AN reHepauii TeCToBMX BUNAAKIB
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AHoTAUiA. AKTYaNbHICTh JOCTiIKEHHST 3yMOBJIEHA MOTPE6OI0 MigBUIEeHHS e(eKTUBHOCTI TeCTYBaHHS MPOrPaMHOTO
3abe3IeueHHs, 1e BUKOPUCTAHHS BEJIMKMX MOBHUX MOJe/ieli i TEXHIK iHkeHepii Mmi1Ka3oK BigKpuBae HOBi MOXIMBOCTI
IJIS aBTOMAaTM30BaHOI reHepalii SIKiCHMX TeCTOBMX BUMAAKiB. MeTOW NOCTiIKeHHS 6ya0 OLiHUTKU e(eKTUBHICTb
cTpaTteriii prompt engineering y TreHepallii TeCTOBMX BUMA[KiB BEeJIUKMMU MOBHMMM MoneasiMu. MeTomomnoris
6a3yBasiacsl Ha TOPiBHSIHHI YOTMPBOX TeXHiK prompt engineering: zero-shot, few-shot, chain-of-thought Ta role
prompting mjis reHeparii unit-tectiB MmoBHMMU Monensimu CodeLlama 2 ta StarCoder y cepemoBuii PyTest i JUnit
i3 OLIIHKOIO 3a KPUTEPiSIMM TOKPUTTS KOZY, PeleBaHTHOCTI, Ne(eKTOBMSIBIEHHS Ta iHTerpaimiifHoi MpMAATHOCTI.
Amnarni3 nmokasas, mo few-shot Ta role prompting 3a6e3mneuyoTh HaiiKpamuii 6ajaHc MiX KiJIbKiCTIO Ta SIKiCTIO TeCTiB
i3 mokputrtsam 85-100 % Ta peneBaHTHicTIO 88-95 %, Tomi sik chain-of-thought edexkTvBHMIT g cKIagHOI JIOTiKM i1
BusiBMB 16 i3 20 3aknagenux nedekrib (80 %), a zero-shot o6MeskeHnit 6a30BMMM ITepeBipKaMu 3 MMOKPUTTIM 55-65 % Ta
tTouHicTio 70-75 %. CodeLlama 2 mpozeMOHCTpYBaB CTabiibHy reHepallilo TeCTiB i3 BMCOKOIO Y3rOAKeHiCTIO0 TOBTOPHUX
sarmuTiB (90 %), cepegHim yacom resepariiii 16,2 ¢ tTa 52 TecraMu Ha MOJYJIb, OXOTUTIOIOUY 6a30Bi Ta CKJIAAHI ClieHapii,
BKJIIOYHO 3 KpaioBMMM BUIMaAKaMu Ta BuHsITKamu. StarCoder 6yB mBugmmm (14,7 c), reHepyBaB 50 TecTiB i3 Tpoxu
HIVDKYOI0 CTabibHicTIO (87 %) i MEHIIMM MOKPUTTSIM CKJIaJHUX CIIeHapiiB, 1110 po6uiio oro eheKTUBHUM JJIS IIBUAKOL
nepeBipkyu 6a30Bux GyHKUil. HaiiBuia untabenbHiCTh, MOLYIbHICTH i iHTerpaiiiina npuaaTtHicTh y CI/CD-KOHBeepu
6ynu 3a role prompting, Tozi sik few-shot 3ab6e3meuyBaB rapHmii 6agaHC Mik CTPYKTYPOBaHICTIO Ta MPAKTUIHOIO
TOTOBHICTIO TecTiB, a chain-of-thought i zero-shot manu cneundiyni o6meskeHHs1. Komb6iHOBaHe BUKOPUCTAHHS
Mopereii i cTpaTeriit prompting 103B0OJIsIE ONTMMi3yBaTU MPOLieC TeHepallii TecTiB, MiABUIITYIOUM iXHIO PeIeBaHTHICTb,
TOKPUTTS Ta e(eKTUBHICTh ABTOMATK30BAHOTO TeCTyBaHHSI. Pe3yabTaTu LOCTiIKeHHSI MOKYTb 3aCTOCOBYBATUCS JIJISI
aBTOMATM30BAHOTO TECTYBAHHSI MPOTPAaMHOro 3abe3meveHHs, iHTerpalii y KoHBeepu GesrmepepBHOi iHTerparii Ta
IOCTaBKM Ta HAaBUAHHSI iH)KeHePiB 3 KOHTPOJIIO SIKOCTi e)eKTMBHUM MeTozaM reHepariii TecTiB
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