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ABSTRACT
Recent advances in Large Language Models (LLMs) have driven
significant progress in automating software testing, particularly in
generating unit tests. However, the effectiveness of these models
in detecting real defects through mutation testing remains under-
explored in the literature. This study aims to address this gap by
evaluating the performance of ChatGPT (GPT-4o) and DeepSeek
V3 in generating unit tests for six Java classes from the Defects4J
dataset, covering different levels of cyclomatic complexity. The
main objective is to investigate the ability of LLMs to maximize mu-
tant coverage and elimination, while also analyzing the impact of
code complexity and semantic factors related to execution failures.
The methodology involved generating tests via structured prompts,
executing them 5 times per class for both models, and perform-
ing quantitative analysis based on Mutation Coverage (MC) and
Mutation Score (MS), as well as qualitative analysis of runtime fail-
ures. Results indicate that DeepSeek exhibits greater stability and
effectiveness in eliminating mutants, whereas ChatGPT demon-
strates broader applicability by producing valid test suites for a
wider range of classes. Moreover, no significant correlation was
found between cyclomatic complexity and compilation success,
with failures primarily linked to semantic limitations of the models.
This study presents both quantitative and qualitative evidence on
the application of LLMs for automated test generation, offering
insights for future AI-driven test engineering strategies.
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1 Introduction
The evolution of Large Language Models (LLMs) has influenced
several domains of software engineering [11], including code gener-
ation [5, 32], pull request workflows [31] and test automation [34].
Within this context, unit test generation remains a central challenge
for software quality assurance, as it demands robust and relevant
test cases capable of revealing potential faults at the source code
level [1]. To assess the effectiveness of such tests, mutation test-
ing provides a fault-based strategy that introduces small syntactic
changes into the program and evaluates whether the tests can detect
them [12].

The growing interest in applying LLMs to unit test generation
suggests that these models may contribute to improving test cover-
age and productivity in software testing, their effectiveness how-
ever, can still be evaluated through different approaches, including
mutation testing [7]. Recent studies [29] indicate that LLMs can
generate diverse and comprehensive tests, reducing dependence
on traditional heuristics in test case design. Nonetheless, there is
no clear consensus in the literature: while some works emphasize
the potential of LLMs [29], others highlight challenges such as the
generation of equivalent or semantically neutral mutants that often
go undetected [27, 28]. These limitations underscore the need for
systematic evaluation strategies to better understand the effective-
ness of LLMs in mutation testing, as well as how different usage
configurations, including prompt formulation [9, 17, 24], can af-
fect the quality of generated tests. To guide our investigation, we
defined the following research questions:

𝑅𝑄1: How does the cyclomatic complexity of classes influence
the success rate of compiling unit tests generated by LLMs?

𝑅𝑄2: What are the reasons behind the runtime failures of test
suites generated by LLMs that compile correctly?

𝑅𝑄3: To what extent can LLMs generate high-quality unit tests
that effectively maximize coverage and detect faults in source code?

RQ1 investigates structural characteristics, focusing on the cyclo-
matic complexity of the target classes and the test suite compilation
success of the LLM-generated test suites. This research question
complements RQ2, which analyzes the semantic behavior during
runtime, and RQ3, which evaluates the mutation-based effective-
ness of the generated tests. Moreover, RQ1 serves as a foundational
stage in the experimental workflow, directly influencing the subse-
quent phases of analysis and validation.

A comparative empirical study was conducted between ChatGPT
and DeepSeek, with controlled test generation for six target classes
from the Defects4J repository [25]. The models were selected for
their state-of-the-art performance in code generation and their
distinct architectural characteristics, providing a meaningful basis
for comparison. This design enabled the identification of comple-
mentary strengths and limitations of LLMs in automated unit test
generation.

In addition, the compiled test suites were initially analyzed for
runtime failures to verify semantic correctness and identify error
patterns. Only the suites that compiled and executed successfully
were subsequently evaluated using mutation metrics, providing
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an integrated view of the quality and robustness of the generated
tests. Mutation Coverage (MC) and Mutation Score (MS) [1, 8] were
employed as the leading indicators of test suite quality.

The results revealed each model’s strengths and weaknesses, as
well as the leading causes of execution failures, providing actionable
insights for LLM-assisted software testing. Beyond quantitative and
qualitative evidence of effectiveness, this study advances automated
testing by demonstrating LLMs’ potential to improve productivity,
fault detection and overall software quality.

The remainder of this paper is organized as follows. Section 2
introduces the background on software testing and LLMs. Section
3 reviews related work. Section 4 describes the experimental setup,
and Section 5 presents the results. Section 6 discusses practical
implications. Section 7 discusses threats to validity, while Section 8
concludes the paper.

2 Background
2.1 Software Testing and Automation with LLMs
Software testing plays a fundamental role in ensuring that a system
behaves as expected and meets its requirements [1]. Among the
various testing levels, including integration, acceptance, and system
testing, unit testing focuses on verifying individual components,
such as methods or classes. This enables early defect detection
and helps prevent failures from propagating into production sys-
tems [3, 20]. Furthermore, to improve reliability and reduce mainte-
nance costs [3], test automation enhances the development process
by enabling frequent executions after each modification, which is
crucial for maintaining quality over time [1].

In addition, in recent years, LLMs have emerged as promising
tools to support unit test automation. Initially developed for Natu-
ral Language Processing (NLP) tasks, LLMs are increasingly being
applied to software engineering contexts, including test genera-
tion, defect localization, and suite optimization [2, 29]. According
to Bayri and Demirel [2], these models enable the automation of
critical stages in the testing lifecycle, reducing manual effort and ac-
celerating defect identification. Wang et al. [29] further emphasize
that LLMs are promising not only for increasing productivity but
also as a transformative technology for traditional testing practices.

Despite their potential, the use of LLMs for automatically gen-
erating relevant test cases still poses challenges. Recent studies
indicate that even advanced models such as GPT-4 struggle to cor-
rectly map inputs to expected outputs in complex scenarios due to
limitations in reasoning and computational precision [16, 22, 33].
Additionally, the non-deterministic behavior of LLMs can produce
inconsistent results for the same prompt. A study conducted by
Ouyang et al. [24] found that only 21.1% of the 76 papers analyzed
explicitly considered this factor, adopting practices such as multiple
executions and the use of metrics with variance. Given this context,
this paper investigates LLMs’ ability to generate unit tests from Java
program source code, thereby enabling evaluation of the reliability
and effectiveness of the generated artifacts.

2.2 Mutation Testing as a Quality Indicator
Mutation testing is a fault-based testing approach widely adopted
to evaluate the effectiveness of test suites in revealing defects in
software systems [7]. This technique operates by introducing small

syntactic changes referred to as mutants into the source code [8].
These mutants simulate typical programming errors that may occur
during development. When a test case causes a mutant to produce
an output different from the original program’s, the mutant is con-
sidered killed, indicating that the test can detect that type of fault.

Two primary metrics are employed in mutation testing to quan-
tify test quality: Mutation Coverage (𝑀𝐶) and Mutation Score (𝑀𝑆).
𝑀𝐶 measures the proportion of generated mutants that are exe-
cuted by the test suite, reflecting the reachability of potential faults.
𝑀𝑆 , in turn, represents the percentage of executed mutants that are
effectively killed by the tests, indicating the suite’s fault-detection
capability. These metrics, widely adopted in the literature [12], are
formally defined as:

𝑀𝐶 = (𝑀𝑡/𝑀) x 100, where 𝑀 is the total number of mutants
and𝑀𝑡 is the number of mutants exercised by the test cases.

𝑀𝑆 = (𝑀𝑘/𝑀𝑡 ) x 100, where 𝑀𝑘 denotes the number of killed
mutants among those executed.

Although mutation testing is a valuable approach to generate or
assess the quality of test suites, it is often regarded as a high-cost
criterion due to: (i) the large number of mutants generated; (ii) the
time-consuming process of identifying equivalent mutants; and (iii)
the execution time required for running the mutants.

Determining equivalent mutants [7] is known to introduce re-
dundant costs and biases, hindering the effectiveness of mutation
testing in practice. In such cases, the mutant behaves identically to
the original program for all possible inputs and, therefore, cannot
be killed by any test case. In this way, the presence of equivalent
mutants may negatively affect the Mutation Score values, thereby
underestimating the test suite’s actual fault-detection capability.

2.3 Cyclomatic Complexity and Class Selection
Rationale

Cyclomatic complexity, introduced by McCabe [18], is a structural
metric that quantifies the logical complexity of a program based on
its control flow graph. It reflects the number of independent execu-
tion paths and serves as an indicator of the testing effort required
for adequate coverage. Higher complexity typically entails greater
branching and conditional logic, posing additional challenges for
automated test generation.

To analyze the influence of structural complexity on LLM per-
formance in test generation, the experiment used six Java classes
with varying cyclomatic complexity. Three criteria guided this se-
lection: project diversity, testability and complexity variation, as
detailed in Subsection 4.1. Rather than applying categorical thresh-
olds (e.g., low, medium, high complexity), this study preserved the
absolute values of complexity to maintain analytical fidelity and
avoid arbitrary classification.

3 Related Work
Nan et al. [21] proposed IntUT, a novel approach that leverages ex-
plicit test intentions comprising input parameters, mock behaviors,
and expected results to guide LLMs in generating unit tests. Their
methodology integrates program analysis via the PAINT technique
to automatically extract test intentions from control-flow graphs
and mocking decisions, which are then embedded into the prompts
provided to LLMs. Evaluations on three industrial Java projects
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and a live user study demonstrated that IntUT significantly im-
proves branch coverage (up to 94%) and line coverage (up to 49%)
compared to baseline LLM-generated tests, while also achieving
high developer acceptance in practice. Unlike our study, which
emphasizes mutation testing as the primary metric of test quality
and explores qualitative runtime failure analysis, their focus lies
in enhancing structural coverage and mocking accuracy through
intention-guided prompting.

Hossain and Dwyer [10] introduced TOGLL, an innovative LLM-
based approach for automated test oracle generation. Their study
fine-tuned seven code LLMs with six prompt formats on the SF110
dataset and evaluated the most effective configuration on the Ora-
cleEval25 benchmark as well as on Defects4J. TOGLLwas compared
with EvoSuite and the neural baseline TOGA, achieving up to 3.8
times more correct assertion oracles, 4.9 times more exception ora-
cles, and detecting 1,023 unique mutants missed by EvoSuite. The
results demonstrated that fine-tuned LLMs can generate accurate,
strong, and diverse test oracles, significantly reducing false posi-
tives and surpassing TOGA in both mutation-based and real bug
detection effectiveness. In contrast to our study, TOGLL specifically
addresses the oracle generation problem, complementing but not
overlapping with our research scope.

Additionally, Tip et al. [28] propose LLMorpheus, a tool that
leverages LLMs to generate diverse mutants in JavaScript code,
replacing traditional mutation operators with context-aware sug-
gestions via prompts. The approach aims to increase the variety and
realism of mutants, overcoming limitations of conventional tools.
While the goal of LLMorpheus is to enrich the mutation testing
process by generating more expressive mutants, this study inves-
tigates the ability of LLM-generated unit tests to detect defects,
using indicators such as Mutation Coverage (MC) and Mutation
Score (MS). Furthermore, unlike LLMorpheus, which was evalu-
ated on 13 JavaScript/TypeScript packages using the StrykerJS tool,
this study uses Java classes extracted from the Defects4J bench-
mark to explore different scenarios and challenges related to code
structure, including variations in the absolute values of cyclomatic
complexity.
Gaps in the Literature and Paper Contribution

Although recent works, such as those by Nan et al. [21], Hos-
sain and Dwyer [10], and Tip et al. [28], have explored different
perspectives on the use of LLMs for unit test generation, there
remains a need for rigorous empirical investigations to support the
reliable use of these models. To address this demand, this paper
employs mutation testing as the central evaluation criterion and
compares, under controlled experimental conditions, the ability of
the ChatGPT and DeepSeek models to generate unit tests written
in Java. The study uses quantitative indicators (Mutation Coverage
and Mutation Score) and qualitative analyses of runtime failures to
provide empirical evidence on the applicability and limitations of
LLMs, advancing strategies for AI-assisted test automation.

4 Methodology
This study adopts a structured experimental methodology to evalu-
ate LLMs’ ability to generate unit tests, with effectiveness assessed
through mutation testing. Figure 1 summarizes the experimental

workflow, whose stages directly correspond to the methodologi-
cal components detailed in Section 4: dataset and class selection
(Section 4.1), test case generation with LLMs (Section 4.2), test vali-
dation (Section 4.3), mutant injection (Section 4.4), and evaluation
metrics (Section 4.5).

Figure 1: Experimental Workflow

4.1 Dataset and Class Selection
We selected six Java classes from the Defects4J benchmark, a widely
used dataset comprising real-world bugs and their corresponding
fixes [25]. Classes were chosen from three distinct projects based
on three main criteria: (i) diversity in code structure and domain;
(ii) presence of methods suitable for unit testing; and (iii) varia-
tion in cyclomatic complexity, assessed via SonarQube. The goal
was to investigate whether internal code characteristics, beyond
complexity alone, influence LLM performance.
Diversity in code structure and domain: The six target classes
were selected from three distinct projects within the Defects4J
dataset. Although not all classes belong to different projects, we
ensured that each selected project contributes multiple classes with
distinct characteristics. This choice aimed to maintain diversity in
domains, coding styles, and internal structures, enabling a broader
analysis of the LLMs’ ability to handle different implementation
patterns in real-world systems.
Methods suitable for unit testing: The project should include
classes with sufficiently diverse methods to enable the creation of
meaningful unit tests; and
Cyclomatic Complexity Variation: Classes with different levels
of cyclomatic complexity were selected to analyze the impact of
code structure on LLM performance. The metric was obtained using
the SonarQube tool [26], employed exclusively for this purpose,
without considering or correcting other reported issues, while keep-
ing the original Defects4J classes to ensure greater reproducibility.

The decision to use only six classes in this phase of the study
is due to the fully manual execution of all stages of the experi-
ment, including prompt formulation, repeated model execution,
validation of the generated test suites, mutant injection, and fail-
ure log analysis. This manual approach was necessary to gain a
deeper understanding of LLM behavior and the limitations of the
tools involved. While restrictive in scale, this methodological de-
cision provided greater control over experimental variables and
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enabled more detailed qualitative analyses. In Table 1, the six se-
lected classes are shown with their corresponding projects and
cyclomatic complexity value.

Table 1: Selected classes with corresponding projects and
cyclomatic complexity.

Class Project Cyclomatic Complexity
Primes.java Commons-math3-3.2 17
Hex.java Commons-codec 21

BinaryCodec.java Commons-codec 35
CharRange.java Commons-lang 45

Range.java Commons-lang 57
Fraction.java Commons-math3-3.2 77

4.2 Test Case Generation with LLMs
4.2.1 Selected LLMs. As discussed before, the use of LLMs has
emerged as a promising strategy for test suite generation, showing
strong potential to automate and enhance the execution of unit
tests [2]. Previous studies indicate that GPT-4 is superior in unit
test generation compared to open-source LLMs and traditional ap-
proaches such as Evosuite [32], in terms of both coverage and defect
detection capabilities [2]. Therefore, we decided to use ChatGPT,
based on GPT-4o, in this study, given its enhanced potential as a
direct successor to GPT-4.

Meanwhile, DeepSeek Chat V3 is an evolution of the DeepSeek
series, designed for advanced programming and code-generation
tasks and optimized for competitive performance and accessibility
compared to high-end proprietary models [6]. Although its exact
architecture is not publicly documented, it belongs to the DeepSeek
family, whose open-source variant (DeepSeekCoder) has shown
competitive performance in unit test generation tasks [32]. These
factors reinforce the selection of this model, considering its align-
ment with software engineering tasks.

Based on the arguments above, this study compares two models
widely used in real-world development environments: ChatGPT
Plus (GPT-4o) by OpenAI [23], and DeepSeek Chat V3 [6], a re-
cent and promising alternative designed for programming tasks.
The comparison between these models is also justified by their
distinct architectural and training approaches, as discussed in re-
cent studies [32], enabling the evaluation of different strategies for
automated unit test generation.

4.2.2 Prompt Strategy. The input strategy employed is referred
to as zero-shot prompting [14][29], in which the task to be per-
formed is explicitly described to the model without providing prior
input-output examples. This decision aimed to avoid semantic in-
terference caused by previous examples while also leveraging the
models’ generalization and reasoning capabilities when presented
with well-defined instructions.

More specifically, six prompts were formulated—one for each
class. Each prompt followed a standardized structure, with clear
and well-defined instructions to guide the models in generating an
appropriate test suite. Accordingly, it was established that the tests
should bewritten in Java using the JUnit 5 framework [13], adhering
to naming best practices and covering different usage scenarios of
the target class. Additionally, the LLMs were instructed to behave

as experienced test professionals, focusing on covering relevant
execution paths and maximizing the Mutation Score.

As a complementary strategy, each prompt was executed five
times for each target class using the web interface of the respective
model, always initiating a new conversation to avoid the influence
of prior interaction history. This is necessary to deal with the LLM
non-determinism in code generation [24]. Therefore, the results
obtained from each of the five executions per prompt were stored
for subsequent analysis.

Although recent studies have proposed empirically validated
prompting techniques for unit test generation [30, 35], their for-
mats differ significantly from the approach adopted in this work.
For instance, HITS [30] is an LLM-based approach for unit test
generation that uses multi-step prompts with method slicing and
chain-of-thought reasoning to optimize branch coverage. At the
same time, Yuan et al. [35] focus on iterative prompt refinement for
method-level tests. In contrast, our objective required standardized
zero-shot prompts applied at the class level, designed explicitly for
mutation-based evaluation. This choice enables fair comparisons
across models under consistent and reproducible conditions, with
an emphasis on the semantic quality of the generated tests rather
than structural coverage alone.

4.3 Test Validation
Five test suites (TS), each comprising multiple test cases (TCs), were
generated by each LLM for each target class and executed in the
integrated development environment (IDE) to validate their func-
tionality and ensure they did not produce failures due to incorrect
generation. Importantly, only the test suites that successfully com-
piled and achieved a 100% pass rate across all their test cases were
deemed eligible for subsequent mutation testing.

4.4 Mutant Injection
The PIT (Pitest) tool [4] was adopted in this study for injecting
mutants into the selected Java classes due to its wide recognition
for efficiency, scalability, and native integration with testing frame-
works such as JUnit. It enables the automated execution of unit tests
on instrumented versions of the code, identifying which mutants
were “killed” (i.e., detected by the tests) and which ones “survived”
(i.e., undetected). In addition to its effectiveness in evaluating the
quality of test suites, PIT stands out for its optimized performance,
active community support, and clear and detailed report genera-
tion [4]. These features have contributed to its consolidation as a
reference tool in recent academic experiments, as evidenced by its
use as a foundation for higher-order mutation extensions, such as
PIT-HOM [15].

The injection of mutants was performed as a step independent
of the execution of the test suites (TS) produced by the LLMs. This
methodological decision aimed to ensure a fair and appropriate
comparison between the models by guaranteeing that each TS,
associated with a target class, was always executed on the same
set of mutants. To achieve this, a single PIT run was performed for
each target class, generating a fixed set of mutants. These mutants
were then reused across all executions of the test suites (TS1 to
TS5) generated by each LLM, eliminating any variation that could
compromise the equivalence of experimental conditions. However,
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PIT requires at least one test suite that invokes methods from the
target class to generate mutants. Thus, a base class containing
minimal tests had to be manually created for each target class. This
minimal test suite served solely to activate the mutation points in
the code through the tool and was later replaced by the test suites
generated by the LLMs during the execution phase.

All mutation operators used in this experiment were enabled by
default in PIT, with no manual modifications. The tool performs
mutations directly on the Java bytecode rather than on source
files, making the process faster and easier to integrate into the
build environment. The default operators are automatically selected
based on the characteristics of the code and include transformations
such as arithmetic substitutions, logical condition modifications,
return value alterations, among others [4]. According to the official
documentation1, these operators are designed to be stable, that
is, not trivial to detect, which minimizes, but does not eliminate,
the generation of equivalent mutants. Furthermore, operators that
do not meet these criteria are disabled by default. Therefore, the
choice to use the default configuration is justified, as this study
does not aim to evaluate the mutation operators themselves, but
rather to analyze the effectiveness of the tests generated by LLMs. It
is worth noting that alternative approaches have recently emerged,
such as LLMorpheus [28], which leverages large language models
to generate realistic JavaScript mutants. However, in this study
we adopted PIT given its maturity, integration with JUnit, and
wide adoption in empirical software testing research, ensuring
reproducibility of our experimental setup.

Finally, although this study acknowledges the issue of equiv-
alent mutants, a well-known limitation of the mutation testing
technique widely discussed in the literature [7], no specific strategy
was employed to detect or handle them. As previously mentioned,
this limitation may affect the absolute Mutation Score (MS) values,
since the presence of mutants that are semantically equivalent to the
original code and cannot be killed may artificially lower the score.
However, to mitigate this issue and ensure fair comparison across
test suites, all executions were performed on the same fixed set of
mutants for each target class. By holding the mutation conditions
constant, the experimental design enables reliable relative compar-
isons between LLM-generated test suites, even in the presence of
potentially equivalent mutants.

4.5 Evaluation Metrics
The analysis was structured around the research questions, each
addressed through specific metrics and procedures:

To answer RQ1 (How does the cyclomatic complexity of classes
influence the success rate of compiling unit tests generated by LLMs?),
we computed the Compilation Success Rate (CSR) for each target
class and model. Additionally, we applied Spearman’s correlation
coefficient (𝜌) to investigate potential relationships between cyclo-
matic complexity and compilation success.

Compilation Success Rate (CSR): Represents the percent-
age of test suites that compiled successfully relative to the
total number generated per class and LLM. This metric en-
ables the evaluation of the feasibility of using the generated

1https://pitest.org/quickstart/mutators/

tests in subsequent stages of the experiment. CSR is calcu-
lated as CSR =

(
𝑇𝑠𝑐
𝑇𝑠𝑡

)
× 100, where 𝑇𝑠𝑐 is the number of test

suites that compiled successfully and 𝑇𝑠𝑡 is the total number
of test suites generated.
Spearman’s Correlation (𝜌): To measure the association
between the cyclomatic complexity of the classes and the
compilation success rate, Spearman’s correlation (𝜌) was
used. This is a non-parametric statistical technique suitable
for monotonic relationships and small sample sizes [36].

Regarding RQ2 (What are the reasons behind the runtime fail-
ures of test suites generated by LLMs that compile correctly?), we
conducted a manual inspection of execution logs from test suites
that compiled successfully but failed during execution. These fail-
ures were categorized into two main types: Assertion Failures and
Runtime Exceptions. This classification enabled us to identify se-
mantic limitations in the generated tests and to detect recurring
error patterns across different models and classes.

Initial Quantitative Evaluation: A filtering process was
conducted on the test suites that, although compiled success-
fully, failed during execution. This analysis allowed for the
identification of actual functional failures2 in suites consid-
ered syntactically valid.
Qualitative Analysis of Error Logs: The runtime error
logs were manually reviewed and categorized based on the
nature of the identified issue. Failures were grouped into
two main categories: Assertion Failure: failures related to
incorrect assertions or inverted expectations in the tests;
and Runtime Exception: failures caused by unhandled
exceptions, invalid inputs, or type conversion errors (casts).

This approach enabled the construction of a catalog of recurring
failures by class and LLM model, revealing patterns of behavior
by the LLMs and their semantic limitations in understanding the
target classes.

Finally, to address RQ3 (To what extent can LLMs generate high-
quality unit tests that effectively maximize coverage and detect faults
in source code?), we employed MC and MS as metrics to evaluate the
effectiveness of the generated test suites. To statistically compare
the performance of the models, we conducted a t-test on the MS
values, enabling us to assess whether the differences in test quality
were significant across models.

5 Results
This section presents the results obtained from the execution of the
experiment. The data are analyzed based on the previously defined
metrics, enabling a direct comparison between the evaluated LLMs.
The organization of the results aims not only to describe the findings
but also to support a critical discussion on the performance and
limitations observed in each model.

2Functional failures refer to cases in which a test suite compiles and runs, but produces
incorrect or unexpected outputs, such as failed assertions or invalid results.

https://pitest.org/quickstart/mutators/
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5.1 RQ1: How does the cyclomatic complexity
of classes influence the success rate of
compiling unit tests generated by LLMs?

To answer RQ1, the analysis was structured into three topics: (i)
Compilation Success Rate (CSR), (ii) Correlation between Cyclo-
matic Complexity and CSR, and (iii) Graphical Analysis. Each aspect
is discussed individually in the following subsections.

5.1.1 Compilation Success Rate (CSR). Table 2 presents the infor-
mation about the cyclomatic complexity (CC), the class name, the
LLM used, the number of test suites that compiled successfully, and
the corresponding success rate. These data provide a clear view
of the models’ ability to generate syntactically valid tests, as this
condition is a prerequisite for the tests to be used in subsequent
stages of mutant analysis.

Table 2: Test suite compilation success per class, LLM, and
cyclomatic complexity.

CC Class LLM Compiled TS CSR

17 Primes ChatGPT 5 100.00%
DeepSeek 5 100.00%

21 Hex ChatGPT 4 80.00%
DeepSeek 0 0.00%

35 BinaryCodec ChatGPT 0 0.00%
DeepSeek 0 0.00%

45 CharRange ChatGPT 5 100.00%
DeepSeek 0 0.00%

57 Range ChatGPT 5 100.00%
DeepSeek 5 100.00%

77 Fraction ChatGPT 5 100.00%
DeepSeek 5 100.00%

Upon inspecting the data from Table 2, it is possible to notice
that the ChatGPT model achieved a 100% compilation success rate
in four out of the six evaluated classes, failing partially in Hex (CC
= 21) and completely in BinaryCodec (CC = 35). DeepSeek, on the
other hand, achieved 100% success only in the Primes, Range, and
Fraction classes, and failed completely in the others. On average,
the compilation success rate was 63.33% for ChatGPT and 50.00%
for DeepSeek, reflecting a noticeable difference in syntactic viability
between the models.

Interestingly, classes with higher cyclomatic complexity, such
as Fraction (CC = 77) and Range (CC = 57), did not prevent either
model from generating tests that compiled correctly. On the other
hand, failures occurred in classes with intermediate complexity,
such as Hex (CC = 21) and CharRange (CC = 45), especially for
DeepSeek, which showed a 0% success rate in both cases. These
results suggest that cyclomatic complexity alone is not a reliable
factor for predicting compilation success. We hypothesize that the
internal structure of the classes, the use of APIs, generic types, or
overloaded methods appears to have a more direct influence on the
LLMs’ ability to generate syntactically valid code. This is further
explored in the next subsection through a statistical correlation
analysis.

5.1.2 Correlation between Cyclomatic Complexity and CSR. To
verify whether there is a consistent relationship between the cyclo-
matic complexity of the classes and the compilation success rate of
the generated test suites, we used Spearman’s correlation coefficient

(𝜌). This non-parametric statistical technique is suitable for small
data sets and does not assume linearity between variables, making
it appropriate for empirical studies in software engineering [36].
The correlation values obtained for each model were:

• ChatGPT: 𝜌 = 0.37 (weak positive correlation);
• DeepSeek: 𝜌 = 0.29 (weak positive correlation).

The values were calculated using Python scripts with the scipy.
stats library3. These results indicate that, for both models, no signif-
icant monotonic relationship was observed between the cyclomatic
complexity of the classes and the compilation success rate.

The reported correlation values suggest a weak positive relation-
ship between cyclomatic complexity and the compilation success
rate. From a methodological perspective, this supports the notion
that cyclomatic complexity alone does not adequately explain the
syntactic success of test suites generated by LLMs. Although this
study did not formally evaluate other factors quantitatively, em-
pirical observations during the experiment indicated that certain
structural characteristics of the code, such as the restrictive encap-
sulation of constants or incompatible type casting, may negatively
impact the generation of syntactically valid tests. This is, however,
an exploratory hypothesis specific to this experiment, which may
be further investigated in future studies focusing on internal class
properties.

5.1.3 Graphical Analysis. Figure 2 shows the dispersion between
the cyclomatic complexity of the classes and the compilation success
rate of the test suites generated by each LLM.

Figure 2: Dispersion between cyclomatic complexity and com-
pilation success rate for ChatGPT and DeepSeek.

As evidenced in Figure 2, the trend lines indicate weak positive
correlations. However, the chart reveals complementary nuances:
ChatGPT exhibits relatively stable behavior, maintaining high com-
pilation success rates even for classes with higher complexity, such
as Range (CC = 57) and Fraction (CC = 77).

DeepSeek, on the other hand, shows a more irregular pattern,
achieving full success at extreme levels of complexity, such as
3https://docs.scipy.org/doc/scipy/reference/stats.html
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Primes (CC = 17) and Fraction (CC = 77), but failing completely
in classes with intermediate complexity values. The dispersion of
data points, particularly in the case of DeepSeek, visually reinforces
the lack of a consistent relationship between complexity and model
performance, suggesting the influence of other structural aspects
of the code.
RQ1 Answer: The results do not indicate a direct relationship
between cyclomatic complexity (CC) and the compilation suc-
cess of the tests. Despite 100% compilation in high-complexity
classes (Fraction, CC=77 and Range, CC=57), failures occurred
in intermediate-complexity classes.

5.2 RQ2: What are the reasons behind the
runtime failures of test suites generated by
LLMs that compile correctly?

The results obtained for RQ1 indicate that cyclomatic complexity
alone does not account for the compilation success of the test suites
generated by the evaluated LLMs. This finding suggests that other
structural characteristics of the code may have a more substantial
influence on the syntactic validity of the generated tests.

Notably, even among the test suites that compiled successfully,
runtime failures were still observed, raising additional concerns
regarding their practical reliability. In this context, RQ2 extends
the analysis by examining the underlying causes of such execution
failures, intending to uncover the semantic limitations of themodels.
Identifying and categorizing these causes allows for the recognition
of recurring patterns, which may, in turn, inform improvements in
prompt design and contribute to the development of more effective
LLM-based test generation strategies.

5.2.1 Quantitative Assessment. To identify test suites that exhibited
runtime failures despite successful compilation, a filtering process
was applied to the experimental results. The analysis focused ex-
clusively on cases where at least one test failed during execution,
even though the suite compiled without errors.

These findings reveal that, even when syntactically valid, several
test suites exhibited execution failures caused by inconsistent test
cases. Each model generated 30 suites (5 per class), of which 9
from ChatGPT and 11 from DeepSeek compiled successfully but
failed at runtime, forming the subset analyzed to identify semantic
limitations associated with the observed errors. This proportion
highlights a relevant obstacle to the complete application of the
mutation testing technique, as compilation, although necessary,
does not guarantee the effectiveness or eligibility of tests generated
by LLMs. Although the difference between the models (55% for
DeepSeek and 45% for ChatGPT) is not statistically significant, both
demonstrated a tendency to produce seemingly valid tests that do
not behave correctly at runtime, which underscores the importance
of a qualitative investigation into the causes of such failures, as
detailed in the following subsection.

5.2.2 Qualitative Analysis. We conducted a qualitative analysis of
test suites that compiled successfully but failed at runtime, manu-
ally inspecting their error logs and categorizing the failures into
two types: Assertion Failures, related to incorrect or inverted expec-
tations, and Runtime Exceptions, involving issues such as unhandled
inputs or invalid type conversions. This categorization supported

the construction of a failure catalog aimed at identifying recurring
semantic limitations in the generated tests.

ChatGPT. Table 3 presents the catalog of failures identified in
the test suites generated by ChatGPT, organized by class, inter-
preted subcategory, frequency and error type.

Table 3: Summary of interpreted failure subcategories in test
suites generated by ChatGPT.

Class Interpreted Subcategory Freq. Category

Hex Invalid cast: byte[]→ char[] 2 Runtime Exception

CharRange
Comparison failure in negated range 5 Assertion Failure

Empty iterator in range 2 Assertion Failure

Fraction
Incorrect result in arithmetic operation 1 Assertion Failure

Imprecise numeric type conversion 1 Assertion Failure

The failure patterns observed in the test suites generated by
ChatGPT highlight semantic limitations that compromise correct
runtime behavior. In the Hex class, type conversion errors, such as
invalid casts between byte arrays and character arrays, indicate
difficulties in inferring appropriate data representations for specific
structures. For the CharRange class, the high incidence of failures
related to negated range comparisons and empty iterators reveals a
limited understanding of conditional logic involving inclusion and
exclusion, which affects the generation of coherent and meaningful
assertions. In the case of the Fraction class, errors stemming from
incorrect arithmetic results and imprecise type conversions point
to weaknesses in numerical reasoning and the proper use of class
constructors.

Together, these patterns suggest that, despite producing syntacti-
cally correct code, the model struggles to semantically interpret the
functional behavior of certain classes, especially those involving
complex logic or domain-specific operations, thereby limiting the
reliability of the generated test suites in practice.

DeepSeek. Table 4 summarizes the failures identified in the
test suites generated by the DeepSeek model, categorized by class,
interpreted subcategory, frequency, and error type.

As the data indicate, the test suites produced by DeepSeek exhib-
ited a broad spectrum of semantic issues, with Assertion Failures
representing the most frequent failure category. The Range class,
in particular, concentrated eight cases involving incorrect ordering
logic, such as inverted outcomes in comparison methods, pointing
to a consistent difficulty in reasoning about relational conditions.
Similarly, the Fraction class presented both assertion and runtime
failures, especially in scenarios involving arithmetic overflows, ex-
treme input values, and invalid type conversions. For the Primes
class, failures were primarily caused by the absence of proper input
validation, particularly in boundary cases, leading to unhandled
exceptions.

When compared to ChatGPT, DeepSeek exhibited a greater di-
versity of failure types, suggesting a broader syntactic generation
capacity. However, this broader coverage appears to come at the ex-
pense of semantic precision, as evidenced by the higher frequency
of incorrect or inconsistent test behavior during execution.
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Table 4: Summary of interpreted failure subcategories in test
suites generated by DeepSeek.

Class Interpreted Subcategory Freq. Category

Primes

Incorrect result in expected value test 2 Assertion Failure

Invalid input not handled 1 Runtime Exception

Negative input without verification 1 Runtime Exception

Range

Null comparator used in comparison 1 Assertion Failure

Inverted result in comparison method 8 Assertion Failure

Unexpected exception type 1 Runtime Exception

Incorrect textual representation 1 Assertion Failure

Fraction

Incorrect textual representation 1 Assertion Failure

Failed conversion to primitive type 1 Runtime Exception

Uncaught exception in float-based constructor 1 Runtime Exception

Unhandled overflow in addition 2 Assertion Failure

Division by zero not handled 1 Assertion Failure

Overflow in extreme value conversion 1 Runtime Exception

Unhandled overflow in multiplication 1 Assertion Failure

Overflow in fraction constructor with extreme values 1 Runtime Exception

RQ2 Answer: Runtime failures primarily stemmed from semantic
limitations of the models in interpreting the classes, with the fol-
lowingmain issues observed: (i) inverted assertions in comparisons
(e.g., compareTo, isBefore); (ii) lack of handling for invalid inputs;
(iii) use of null comparators; (iv) unexpected textual formats; and
(v) absence of arithmetic overflow checks.

5.3 RQ3: To what extent can LLMs generate
high-quality unit tests that effectively
maximize coverage and detect faults in
source code?

Table 5 summarizes the application of the mutation testing tech-
nique to the test suites generated by the LLMs. The results are
organized by increasing cyclomatic complexity (CC) and include:
the number of generated mutants, the LLM used, the average Muta-
tion Coverage (MC) and Mutation Score (MS) with their respective
standard deviations (𝜇±𝜎), and the number of test suites considered
eligible out of the five generated per class by each model. Cases in
which the test suites did not compile or failed during execution are
marked as “Not Applicable”.

Table 5: Mutation testing summary for eligible test suites.

CC Class Mutants LLM MC (𝜇 ± 𝜎) MS (𝜇 ± 𝜎) Eligible TSs

17 Primes 32 ChatGPT 76.88% ± 11.44% 85.61% ± 3.49% 5/5
DeepSeek 98.44% ± 1.56% 90.47% ± 0.16% 2/5

21 Hex 35 ChatGPT 100% ± 0% 100% ± 0% 2/5
DeepSeek Not Applicable Not Applicable 0/5

35 BinaryCodec Not Applicable ChatGPT Not Applicable Not Applicable 0/5
DeepSeek Not Applicable Not Applicable 0/5

45 CharRange Not Applicable ChatGPT Not Applicable Not Applicable 0/5
DeepSeek Not Applicable Not Applicable 0/5

57 Range 94 ChatGPT 85.74% ± 5.62% 84.24% ± 2.15% 5/5
DeepSeek 96.81% ± 2.13% 86.22% ± 1.95% 2/5

77 Fraction 140 ChatGPT 67.38% ± 15.18% 80.63% ± 2.89% 3/5
DeepSeek Not Applicable Not Applicable 0/5

As shown in Table 5, classes with higher cyclomatic complexity
tend to have more generated mutants. This is because mutation test-
ing introduces changes mainly at decision points in the code, such

as conditional operators and control structures, which are more
frequent in logically complex code [12]. Again, mutant generation
was performed independently from the LLM-generated test suites
using the PIT (Pitest) tool to ensure all test suites were evaluated
against the same set and number of mutants, providing a fair basis
for comparison between the models.

To answer RQ3, the analysis was structured into three topics: (i)
Mutation Coverage –MC, (ii) Mutation Score –MS, (iii) Interpretive
Comparison. Each aspect is discussed individually below.

5.3.1 Mutation Coverage - MC.

• In the Primes class, DeepSeek achieved a significantly high
average coverage, reaching 98.44% ± 1.56%, indicating excel-
lent capability in covering the generated mutants. ChatGPT
showed lower values, with an average of 76.88% ± 11.44%,
reflecting good coverage, but with less consistency across
executions.

• For the Hex class, the ChatGPT model achieved perfect
coverage (100%), though limited by the low eligibility of its
suites (2 out of 5), highlighting that while effective when
applicable, its use may be hindered by a lack of stability.
DeepSeek had no eligible suites in this class, making its
evaluation impossible.

• In Range, DeepSeek once again stood out with high and
consistent coverage of 96.81% ± 2.13%, clearly outperform-
ing ChatGPT, which recorded 85.74% ± 5.62%. These results
reinforce DeepSeek’s effectiveness in generating tests that
provide broader coverage of the mutant space.

• In the Fraction class, only ChatGPT had eligible suites,
achieving a moderate coverage of 67.38% ± 15.18%. This
result reveals considerable variability and suggests limita-
tions in the breadth of the tests generated by the model for
this specific class.

It is worth noting that the classesBinaryCodec andCharRange
did not yield any eligible test suites from either of the evaluated
models, which prevented the analysis of MC in these cases. This
limitation suggests additional challenges for the practical appli-
cation of these models in contexts with more complex or specific
characteristics.

An interesting pattern emerges when comparing the results for
the Hex and Fraction classes. In both cases, DeepSeek failed to gen-
erate any eligible test suites, while ChatGPT was able to produce
valid executions, albeit with significant variability, especially in
Fraction. This suggests that DeepSeek demonstrates high precision
when it succeeds, as reflected by its stable and high MC scores in
other classes. However, its applicability appears more limited across
different classes, particularly in scenarios involving encoding or
mathematical logic as the ones tested. These findings indicate that
DeepSeek’s effectiveness may be constrained by the structural or
domain-specific characteristics of the target class, whereas Chat-
GPT, despite being less stable, tends to provide broader applicability
across classes. This result is confirmed by the result of a t-test (p-
value = 0.04) comparing the mutation score (MS) metric of each
LLM, i.e., there is a statistically significant difference in the MS
values reported with DeepSeek having higher values, although in a
smaller number of classes.
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5.3.2 Mutation Score - MS.

• In the Primes class, both models achieved good results, but
DeepSeek performed better with 90.47% ± 0.16%, surpassing
ChatGPT, which reached 85.61%±3.49%. The low variance in
DeepSeek’s results demonstrates its consistency in mutant
detection, while ChatGPT, although effective, showed slight
fluctuation.

• In Hex, only ChatGPT generated eligible suites, achieving a
perfect MS of 100%± 0%. This indicates that when valid tests
are produced, the model is capable of detecting all inserted
mutants in this class. On the other hand, the absence of
eligible suites from DeepSeek made its evaluation in this
context unfeasible.

• The Range class presented a scenario similar to what was
observed for MC. DeepSeek achieved 86.22% ± 1.95%, once
again outperforming ChatGPT, which obtained 84.24% ±
2.15%. Both models showed low dispersion, indicating good
stability in mutant elimination.

• In Fraction, only ChatGPT had eligible suites, with an MS
of 80.63% ± 2.89%. Although this value is considered high,
the lack of data from DeepSeek limits direct comparisons in
this class.

• The remaining classes, BinaryCodec and CharRange, did
not yield any eligible test suites from either model, making
the analysis of MS unfeasible.

In general, a t-test comparing the reported MS metrics for all
classes did not identify any statistical difference between ChatGPT
and DeepSeek with the reported p-value=0.5. However, the results
suggest that DeepSeek outperformed ChatGPT in terms of mu-
tant elimination whenever it could be evaluated. The consistency
observed in its low standard deviations indicates less variability
between executions, which is especially important for automated
testing scenarios in production environments. On the other hand,
ChatGPT stood out in terms of broader applicability, generating
more eligible test suites across the analyzed classes, albeit with
greater performance variation.

In the context of this study, theMutation Score (MS) metric serves
to simulate the defect detection capability [12]. Thus, the classes
for which the LLMs achieved high MS values, such as Primes and
Hex with ChatGPT, can be interpreted as examples of effective test
generation. This interpretation aligns with empirical evidence from
the literature. For instance, McConnell [19] reports that programs
with lower cyclomatic complexity tend to have fewer defects in
production. Although this refers to defect incidence rather than test
generation, it highlights the relevance of structural code character-
istics, such as complexity, as factors that influence software quality.
In this sense, mutation-based metrics (like MS) and complexity-
based indicators can be considered complementary when assessing
the effectiveness of automated test generation.

5.3.3 Comparative and Interpretive Analysis of the Results. The Mu-
tation Coverage (MC) and Mutation Score (MS) data presented in
Table 5 suggests that the effectiveness of the tests generated by the
LLMs varies non-linearly in relation to the cyclomatic complex-
ity of the classes. Classes with varying complexity levels yielded
contrasting results, depending on the model used.

The DeepSeek model demonstrated high performance in the
Primes (CC = 17) and Range (CC = 57) classes, achieving high MC
values (98.44% and 96.81%, respectively) and MS values (90.47%
and 86.22%), with low variability between executions. This pattern
suggests that, regardless of the absolute complexity value, when
the model can generate valid suites, the tests tend to be robust and
accurate. However, for the remaining classes, DeepSeek was unable
to generate eligible suites. A possible explanation for DeepSeek’s
failure to generate eligible test suites in some classes could be
related to factors not captured by cyclomatic complexity. Although
no explicit analysis of structural code characteristics was conducted
in this study, this limitation provides an opportunity for future work
to investigate additional factors that may affect LLM performance.

In contrast, ChatGPT achieved broader class coverage, manag-
ing to generate eligible suites in five out of the six evaluated classes,
including the class with the highest cyclomatic complexity in the
experiment, Fraction (CC = 77). Nonetheless, the quality of the
generated suites was more unstable. Although it achieved 100% MC
and MS in Hex (CC = 21), it showed high variability in other classes
such as Fraction, with MC of 67.38% ± 15.18%. This variation sug-
gests that, although the model is more adaptable, its effectiveness in
mutant elimination strongly depends on the specific class. In sum-
mary, when DeepSeek can generate test suites, it performs better
than ChatGPT; however, DeepSeek is not as effective as ChatGPT.

Overall, no direct correlation is observed between the absolute
value of cyclomatic complexity and the effectiveness of the gener-
ated tests. For example, both Primes (CC = 17) and Range (CC = 57)
achieved high MC and MS scores. In contrast, classes with interme-
diate complexity, such as Hex (CC = 21) and BinaryCodec (CC =
35), failed to generate valid test cases in at least one of the models.
These results suggest that, although cyclomatic complexity reflects
the number of independent paths through control structures, it
alone does not determine test effectiveness. Structural factors, such
as assertion failures, invalid inputs and incompatible cast attempts,
appear to directly impact the LLMs’ ability to comprehend the logic
and structure of the code and generate effective tests.

RQ3 Answer: DeepSeek presented greater effectiveness in gen-
erating effective tests, with higher Mutation Coverage (MC) and
Mutation Score (MS) values, but was only applicable to a limited
number of classes. In contrast, ChatGPT showed broader appli-
cability, generating tests for more classes, although with more
variation in the results.

6 Discussion
Practical implications and lessons learned

This study reinforces the potential of LLMs to support unit test
automation workflows. However, the findings also reveal significant
limitations, particularly in interpreting complex logic, handling
invalid inputs, and constructing reliable assertions. While mutation
scores were high in several classes, runtime failures in syntactically
valid suites reveal that test generation must go beyond compilation
success.

An important takeaway is that cyclomatic complexity alone
is not a reliable predictor of test success. Instead, structural and
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semantic factors, such as type casting, null handling, and domain-
specific operations, appear to influence the effectiveness of LLM-
generated tests.

From a tooling perspective, DeepSeek proved more consistent
when successful, producing high mutation scores with low variance.
However, its applicability was more restricted. ChatGPT, in con-
trast, generated valid suites for more classes, though with higher
variability in effectiveness. These complementary strengths suggest
a hybrid approach could be beneficial in practice.
Implications for software testing teams.

For practitioners, LLMs can serve as assistive tools, accelerating
the creation of initial test suites, especially for less complex compo-
nents. Still, due to the possibility of runtime failures, it is crucial to
implement validation layers (e.g., static analysis, mutation-based
assessment) before relying on generated tests in production.

A hybrid testing workflow combining LLM-generated tests with
manual review and automated validation may offer the best bal-
ance between productivity and reliability. Teams should also invest
in prompt engineering strategies that explicitly guide the models
toward safe input handling and expected behaviors.

7 Threats to Validity
Construct Validity: In this study, the effectiveness of LLMs was
evaluated using the metrics Mutation Coverage (MC) and Mutation
Score (MS), which are well-established in the literature as indica-
tors of test suite robustness[12]. To mitigate potential biases, these
metrics were applied exclusively to test suites deemed eligible for
testing. Additionally, repeated prompt executions were performed
to minimize the impact of the inherent nondeterminism of LLMs,
aligning with best practices described in recent studies [24]. How-
ever, it is acknowledged that other complementary metrics, such as
instruction coverage or execution time, could expand the analysis.

Internal Validity: To ensure a fair comparison between LLMs,
all tests were generated from structured zero-shot prompts without
prior examples and applied to the same classes using the same set of
mutants, previously generated via PIT. The minimal test suites used
only to activate the mutants were excluded from any analysis to
avoid contaminating the results. Nevertheless, limitations may have
arisen from the LLMs’ interpretation of the prompts, potentially
introducing subtle variations in execution that could have affected
the results.

External Validity: The study used six classes extracted from
different projects in the Defects4J repository, covering various do-
mains and levels of cyclomatic complexity. However, the number
of classes is limited, and the exclusive focus on unit tests for the
Java programming language restricts the generalization of findings
to other types of tests, languages, or architectures. The use of only
two LLMs (ChatGPT and DeepSeek) also limits the generalization
of the results to models with different architectures or training data.

ConclusionValidity: The conclusions were based on both quan-
titative (mean and standard deviation) and qualitative analyses,
applied according to each research question. RQ1 was evaluated
using the Compilation Success Rate (CSR) and Spearman’s corre-
lation (𝜌), which is appropriate for small sample sizes. Next, RQ2
relied on the manual categorization of error logs from suites that
failed at runtime, revealing recurring patterns. Finally, for RQ3, the

metrics Mutation Coverage (MC) and Mutation Score (MS) were
used, derived from five executions per class. Despite the possibility
of bias in the qualitative analysis, the findings were consistent and
clearly bounded within the scope of the experiment, thus avoiding
unwarranted generalizations.

This study acknowledges that the presence of equivalent mutants
may affect the absolute values of theMutation Score [7]. Importantly,
this effect applies equally to both evaluated models, as all test
suites were executed against the same fixed set of mutants per
target class. Thus, while equivalent mutants may influence the
absolute Mutation Score, the experimental conditions ensure a fair
and consistent basis for relative comparison between the LLMs.

8 Conclusion and Future Work
This study assessed the effectiveness of ChatGPT (GPT-4o) and
DeepSeek V3 in generating unit tests for six Java classes with vary-
ing levels of cyclomatic complexity from the Defects4J dataset. For
each class, a structured prompt was executed five times, yielding
distinct test suites composed of multiple test cases. These suites
were then evaluated using the PIT mutation testing tool. The anal-
ysis encompassed Compilation Success Rate (CSR), runtime failure
classification, Mutation Coverage (MC), and Mutation Score (MS),
providing a comprehensive assessment of syntactic validity, seman-
tic reliability, and fault detection capability.

For RQ1, ChatGPT achieved a higher average compilation suc-
cess rate (80.00%) than DeepSeek (50.00%), indicating better syn-
tactic validity. For RQ2, the analysis of 20 runtime-failing suites
(9 from ChatGPT, 11 from DeepSeek) revealed recurring semantic
issues, including incorrect assertions and unhandled exceptions.
These results highlight the importance of providing clearer prompt
instructions, including input constraints and expected behaviors,
to improve test robustness.

Finally, as for RQ3, both models generated tests that successfully
killed mutants, with MS values above 84% in the best cases—e.g.,
DeepSeek reached 90.47% (±0.16) in Primes, and ChatGPT achieved
84.24% (±2.15) in Range. DeepSeek showed greater stability, while
ChatGPT demonstrated broader applicability, producing eligible
suites in 4 out of 6 classes (vs. 2 for DeepSeek).

This study provides evidence on LLM behavior in automated unit
test generation using mutation testing and presents a reproducible
methodology with multiple executions. Future work includes ex-
panding the experiment with an automated pipeline to increase the
number of target classes, and, more importantly, exploring alterna-
tive prompt strategies [9] to assess their impact on test quality.
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