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Abstract
Large Language Models (LLMs) have been increasingly adopted to
support unit test generation, but their nondeterministic behavior
and sensitivity to instruction quality make prompt engineering
a central factor in this process. However, a fundamental question
remains: are these tests truly capable of detecting faults? This paper
presents an empirical study on the influence of different prompt
engineering strategies on LLM-based unit test generation. Unlike
prior work, this study combines an observational, single-pass fault-
detection evaluationwith the integration of data-flow testing theory
into prompt design, deriving concrete recommendations from a
diagnostic analysis of surviving mutants. Three LLMs were em-
ployed to generate tests for 16 Java classes from the Defects4J
and TestBench datasets, using five prompting strategies: Zero-Shot,
One-Shot, Few-Shot, Program of Thoughts (PoT), and Chain of
Code (CoC). To mitigate nondeterminism, each combination was
executed 5 times, yielding a total of 1,200 generated test suites. The
results showed no statistically significant differences in the influ-
ence of prompting strategies on either test suite eligibility (i.e., the
proportion of suites that both compiled and executed successfully)
or effectiveness under mutation testing; however, descriptive anal-
yses indicated better performance for structured reasoning-based
approaches, particularly PoT and CoC. Evidence from surviving
mutants revealed recurrent weaknesses in the generated suites, par-
ticularly with respect to boundary values, alternative branches, and
assertions with values independent of the code under test. Together,
these findings suggest that the contribution of prompt engineering
goes beyond producing executable tests, also affecting the logical
quality of the generated artifacts and offering concrete directions
for their improvement.
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1 Introduction
Software development has been transformed by the incorporation
of Generative Artificial Intelligence (GenAI), particularly Large
Language Models (LLMs), which have begun to support activities
across different stages of the development life cycle [13]. In this
context, the development process is no longer focused solely on
manually writing code but also involves the supervision, refinement,
and orchestration of artifacts generated by these models [15, 36].
Consequently, software testing becomes even more relevant, being
essential for verifying the reliability and correctness of applications,
especially given the potential for LLMs to introduce inconsistencies
and vulnerabilities [2, 4].

In the context of unit testing, LLMs emerge as a promising al-
ternative to manual test creation, which is recognized as a costly
and cognitively demanding activity [34, 44], due to their ability to
generate tests at scale and with greater operational capacity [14].
On the other hand, these models exhibit nondeterministic behav-
ior, with significant variations across successive executions and
sensitivity to the contextual information provided as input [28].
Such behavior poses challenges for the systematic evaluation of the
quality of generated tests, motivating investigations that account
for both model variability and the structure of the provided context.

Prompt engineering emerges as a central factor for achieving
more consistent results, since the clarity, organization, and level
of detail of the instructions directly influence the quality of the
generated artifacts [3, 17]. In this direction, several investigations
have been analyzing the use of LLMs to generate tests that, in many
cases, are compilable and achieve substantial coverage [16, 32, 34].
Nevertheless, a fundamental question remains: are these tests actu-
ally capable of revealing faults? Empirical evidence shows that high
coverage levels do not necessarily imply greater fault detection
capability, and that the absence of semantically meaningful asser-
tions can compromise the usefulness of the generated tests [18, 19].
Despite recent advances in the use of LLMs for software test au-
tomation, important gaps remain in understanding the quality of
the generated artifacts, and empirical investigations are needed to
analyze how different prompting strategies affect both the practical
usability of the produced tests and their fault-detection capabilities.
In this regard, it is essential to advance toward evaluations guided
by more rigorous criteria, such as those provided by mutation test-
ing.

Given this scenario, mutation testing stands out as a widely
recognized, robust approach for evaluating the quality of a test
suite, as it provides more concrete evidence of its fault-detection
capability [11, 45]. The technique is based on generating mutants,
versions of the original program with small syntactic modifications,
whose detection by test cases allows estimation of the effectiveness
of the evaluated test suite [11]. Thus, mutation testing complements
purely structural metrics, offering a fault-revealing perspective.

This paper presents an empirical study of the influence of dif-
ferent prompt engineering strategies on LLM-based unit test gen-
eration, evaluating the quality of the generated artifacts in terms
of compilation, execution, and fault-detection effectiveness using
mutation testing. To this end, three LLMs were applied to 16 Java
classes selected from the Defects4J [1, 39] and TestBench [20, 46]
datasets under five prompting strategies: Zero-Shot, One-Shot, Few-
Shot, Program of Thoughts (PoT), and Chain of Code (CoC). To
mitigate the inherent nondeterminism of these models, each com-
bination of class, model, and strategy was executed independently



SBES 2026, September 8–11, 2026, São Paulo, SP, Brazil Cabral et al.

across multiple replications. The main contribution of this study
lies not in the use of mutation testing per se, but in the combina-
tion of three aspects not jointly identified in the literature: (i) an
observational, fault-detection-oriented evaluation conducted under
a strict single-pass regime, without re-prompting or suite repair;
(ii) the integration of data-flow testing theory (def-use, p-use, and
c-use associations) [11] directly into the design of PoT and CoC
prompts; and (iii) the derivation of concrete recommendations from
a diagnostic analysis of surviving mutants, rather than using them
as iterative feedback for the generation process itself. The study
was guided by the following research questions:
RQ1: What is the influence of prompting strategies on the eligibil-

ity rate of test suites generated by LLMs?
RQ2: To what extent do prompting strategies contribute to the

generation of more effective test suites according tomutation
testing metrics?

RQ3: What types of adjustments to test suites can be inferred from
the analysis of surviving mutants?

The research questions were organized in a progressive and com-
plementary manner. RQ1 analyzes the generated test suites with
respect to their successful compilation and execution, characteriz-
ing them as eligible for the mutation testing stage. RQ2 evaluates
the effectiveness of these eligible suites in fault detection using
mutation testing metrics. Finally, RQ3 examines the most recurrent
surviving mutants, through which the authors conduct a diagnos-
tic analysis and derive practical recommendations for structural
adjustments to strengthen the fault-detection capability of the test
suites produced by the LLMs.

Overall, the results indicate that the influence of prompting
strategies on LLM-based unit test generation is less direct than of-
ten assumed. Although no statistically significant differences were
observed in either suite eligibility or mutation-testing effectiveness,
descriptive analyses indicated a trend toward better performance
for structured reasoning approaches, such as PoT and CoC. Fur-
thermore, the analysis of surviving mutants revealed recurrent
weaknesses in the generated suites, particularly with respect to
boundary values, alternative branches, and independent assertions,
thereby enabling objective recommendations for their refinement.
These findings suggest that the contribution of prompt engineer-
ing extends beyond generating executable tests to encompass the
logical quality of the produced artifacts and the pathways for their
improvement.

The remainder of this paper is organized as follows. Section 2
presents the theoretical background of the study. Section 4 de-
scribes the experimental methodology. Section 3 discusses related
work. Section 5 presents the results, Section 6 discusses the lessons
learned, and Section 7 presents the practical implications. Section 8
discusses threats to validity. Finally, Section 9 presents the conclu-
sion and future work.

2 Background
2.1 LLMs and Prompt Engineering
Large Language Models (LLMs) constitute a class of language mod-
els based on the Transformer architecture, trained at scale on di-
verse textual datasets, which endows them with the ability to un-
derstand and generate software artifacts exhibiting high semantic

coherence [4]. In software testing, these models have been inves-
tigated as assistants for a diverse range of activities, including
unit test case generation, test oracle generation, system test input
generation, fault analysis, program repair, and debugging [47]. Cor-
roborating this scenario, recent empirical analyses have established
LLMs as a central approach to test automation, demonstrating pro-
ductivity gains, increased coverage, and greater fault-detection
capability compared to manual approaches [31, 47].

Interaction with LLMs can occur through different mechanisms,
such as API calls, Retrieval-Augmented Generation (RAG), func-
tion calling, fine-tuning, and primarily through prompts, in which
instructions are provided to guide the model’s behavior, impose
constraints, and shape the generated responses generation [5, 35].
Prompt engineering has established itself as an essential discipline,
understood as the iterative process of designing and optimizing
these inputs to maximize LLM performance on specific tasks [5, 10].
The quality and structure of prompts directly influence the accuracy
of the generated outputs, such that small semantic or structural
variations in instructions can produce significant differences in the
resulting artifacts, especially in complex domains such as software
test generation [35, 41].

Various prompting strategies have been proposed to improve the
performance of LLMs. The Zero-Shot approach instructs the model
to perform tasks without examples, relying on its prior knowledge
[33]; One-Shot provides exactly one input-output example along
with the task [37]; and Few-Shot expands this context with multi-
ple examples, inducing pattern recognition before execution [33].
Program of Thoughts (PoT) guides the model to express reasoning
through executable programs, decoupling logical formulation from
numerical computation [8]; Chain of Code (CoC), in turn, instructs
the model to structure reasoning in the form of code or pseudocode,
integrating hybrid execution through a mechanism called LMulator,
which simulates semantically complex operations [25].

2.2 Software Testing Techniques
Software testing techniques provide guidelines for designing test
cases from different perspectives, including specifications, source
code, and tester experience. To operationalize this activity, these
techniques define test criteria, i.e., rules that guide the selection of
test cases with the greatest potential to reveal faults [11]. Among
the main approaches, structural testing, also known as white-box
testing, stands out because its requirements derive from the soft-
ware’s internal structure and require the execution of source code
elements such as statements, branches, and logical paths [11].

In the context of structural testing, the analysis based on the
data flow criterion stands out, as it guides the derivation of test
cases from the associations between the point at which a vari-
able is defined and its subsequent uses in the program [11]. This
approach is grounded in three central concepts: definitions (def ),
corresponding to occurrences of value assignments to variables;
computational uses (c-use), references to variables that directly af-
fect the outcome of a computation, associated with nodes of the
Control Flow Graph (CFG); and predicate uses (p-use), references
that influence the program’s control flow, such as conditions in
decision or loop structures, associated with transitions between
graph nodes [11]. These criteria are particularly relevant because
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they lie between the basic all-edges criterion and the impractical
all-paths criterion, selecting paths that are strongly related to the
program’s functional behavior. For this reason, they are among the
structural criteria with the highest fault-detection power [11].

Among fault-based criteria, mutation testing stands out as a
quality criterion that uses typical implementation faults as the
basis for defining test requirements [11]. The technique consists of
introducing small modifications into the source code of the original
program, generating mutants that simulate plausible faults. The
quality of the test suite is then assessed by its ability to distinguish
the behavior of the original program from that of the mutants,
i.e., to kill the incorrect versions [11]. Its effectiveness is measured
through the mutation score, calculated as the ratio between the
number of killed mutants and the total number of non-equivalent
mutants [11]. Although it is considered one of the most effective
criteria for test evaluation, its use involves practical challenges, such
as high computational cost and the presence of equivalent mutants,
i.e., program versions that preserve the observable behavior of the
original and therefore cannot be killed [11].

3 Related Work
To overcome common syntactic and semantic flaws in automatic
test generation, Konstantinou et al. [23] proposed YATE, an au-
tomated test repair approach. This tool combines static analysis
and re-prompting to iteratively correct outputs produced by LLMs,
addressing issues ranging from invalid imports to constructor prob-
lems. Evaluated on real-world Java projects, YATE demonstrated
that recovering the test suite and feeding it back to the model in-
creases line coverage by approximately 32% and mutant detection
by 21%. The study concluded that direct generation may be in-
sufficient to meet industry’s robustness requirements, validating
the adoption of structured post-processing workflows to mitigate
output hallucinations.

In contrast, to overcome the limitations of metrics that focus
solely on coverage, Wang et al. [42] presented MUTGEN, a frame-
work that directly uses mutation testing to guide the agent during
test suite generation. Operating directly within the generation pro-
cess, the tool uses surviving mutants as feedback providers, which
are iteratively processed in the prompt for reassessment. Using
this continuous refinement technique, a Mutation Score of 89.5%
was achieved on the HumanEval-Java benchmark, surpassing static
models evaluated under the same criterion. The authors showed
that test generation guided by active correction of semantic defects
also optimizes structural effectiveness as a positive byproduct, while
maintaining practical feasibility, with processing costs competitive
with, or even lower than, traditional search-based approaches.

Additionally, Walczak et al. [41] investigated the impact of code
context level and prompting strategies on the quality of unit tests
generated by general-purpose models. The study evaluated the ef-
fectiveness of the Chain-of-Thought (CoT) strategy under varying
information constraints, ranging from method signatures only to
full implementation with docstrings. The research demonstrated
that the amount of context provided is the determining factor for re-
sult quality: providing the full implementation consistently yielded
the best syntactic performance and fault detection, achieving high

Mutation Scores. Moreover, although step-by-step reasoning induc-
tion via CoT yielded positive results, such as maximizing branch
coverage, the authors showed that the cognitive effort of complex
prompting yields only marginal improvements over simple prompt-
ing, while requiring considerably higher computational cost in
generation time.

In a large-scale study, Ouédraogo et al. [28] compared five prompt-
ing strategies for class-level test suite generation against the SBST
tool EvoSuite, finding that LLMs achieved higher readability but
substantially lower compilation rates; the authors explicitly iden-
tify the absence of a fault-detection evaluation, such as mutation
testing, as a limitation of their study.

In contrast to the presented studies, this work differs in three
complementary aspects. (i) Unlike YATE [23] and MUTGEN [42],
which employ iterative refinement through re-prompting or the
incorporation of surviving mutants as feedback, this investigation
adopts a strict single-pass regime, without re-prompting or suite
repair. Furthermore, unlike Ouédraogo et al. [28], who do not assess
the fault-detection capability of the generated tests, the evaluation
conducted here is oriented toward fault detection through mutation
testing. (ii) Unlike the discussed studies, which do not explore the
relationship between testing theory and prompt engineering, this
study explicitly incorporates elements of the data-flow criterion
(def-use, p-use, and c-use associations) [11] directly into the de-
sign of the PoT (Program of Thoughts) and CoC (Chain of Code)
strategies. (iii) Unlike MUTGEN, which uses surviving mutants
as iterative feedback for the generation process itself, this study
derives concrete recommendations from a diagnostic analysis of
these mutants, treating them as an object of analysis rather than as
an automatic correction mechanism. Together, these three aspects
constitute the main contribution and originality of this study in the
context of LLM-assisted unit test automation.

4 Experimental Setup
This study was structured in three macro-stages: Planning, Execu-
tion, and Evaluation, in accordance with experimental guidelines
that recommend the definition of the experimental design, the con-
trolled execution of procedures, and the systematic analysis of
results [22, 43]. As illustrated in Figure 1, in the Planning stage,
the elements that structure the experiment are defined, including
the datasets (4.1.1), target classes and methods (4.1.2), prompt en-
gineering strategies (4.1.3), the LLMs used (4.1.4), the mutation
testing tool (4.1.5), and script design (4.1.6). In the Execution stage,
the generation of test suites (4.2.1), their validation (4.2.2), and the
application of mutation testing (4.2.3) are described. Finally, the
Evaluation stage presents the metrics and analytical procedures
adopted (4.3) to answer the research questions.

4.1 Planning
4.1.1 Datasets. To carry out this work, programs were selected
from two repositories recognized in the software testing literature:
the Defects4J dataset and the TestBench benchmark, both relevant
for providing Java programs suitable for conducting empirical evalu-
ations on unit test generation and analysis [29, 30, 39, 46]. Defects4J,
accessed from version 3.0.1 [1], consists of a consolidated reposi-
tory of real-world Java programs, covering 16 open-source projects
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Figure 1: Experimental Flow of the Study

and 854 active bugs organized into faulty and fixed versions, and is
widely used in experimental studies in the field [29, 30, 39]. Test-
Bench, in turn, is a class-level benchmark proposed specifically for
evaluating LLMs’ capability in unit test generation, comprising 108
Java programs extracted from nine real-world open-source projects
[20], approximating pragmatic development scenarios [46]. The
joint adoption of these repositories aimed to increase the diversity
of artifacts and mitigate dependence on a single source of programs.
In both repositories, only fixed and stable versions were used, ensur-
ing that test generation and evaluation were conducted on correct
implementations free from known faults.

4.1.2 Class and Method Selection. In total, 16 classes were selected,
eight from Defects4J and eight from TestBench. The cyclomatic
complexity (CC) of the classes was measured using SonarQube, a
structural metric that quantifies the logical complexity of code based
on its control-flow graph, reflecting the number of independent
execution paths [26]. The classes were selected according to the
following criteria: (C1) diversity of CC, with values ranging from 10
to 77, corresponding to the minimum and maximum CC observed
after measurement with SonarQube, ensuring that the study was
not restricted to low-complexity classes; (C2) variety of application
domains, including mathematical classes, string manipulation, and
data structures; (C3) presence of clear control structures and deter-
ministic outcomes, desirable for evaluation via mutation testing;

and (C4) low external coupling, favoring automated test execu-
tion without additional instrumentation. For each class, only one
method was selected as the test target, reflecting a common practice
in unit test planning [6]. The target method was selected according
to the following criteria: (M1) functional relevance within the class,
avoiding trivial or purely auxiliary methods; (M2) suitability for
mutation testing, featuring conditionals, iterations, or arithmetic
operations; (M3) low external dependencies, enabling isolated and
automated execution; and (M4) verifiable, deterministic output with
public visibility, allowing direct validation of test outcomes.

4.1.3 Prompting Strategies. For the study, five prompting strate-
gies were selected: Zero-Shot, One-Shot, Few-Shot, Program of
Thoughts (PoT), and Chain of Code (CoC). For each strategy, the
instructions were adapted to the specific task of unit test generation
while preserving the conceptual principles and reasoning mech-
anisms originally described in the literature for each approach.
This was intended to prevent adaptations required for the software
testing domain from mischaracterizing the investigated prompting
strategies. Accordingly, Figure 2 conceptually illustrates how the
five prompting strategies were structured in the study.

Figure 2 organizes the strategies into two groups based on the
level of cognitive guidance provided to the models. In the upper
part (low-level cognitive guidance), the example-based strategies
Zero-Shot, One-Shot, and Few-Shot operate with a lower level of
cognitive guidance: Zero-Shot provides only a direct instruction
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Figure 2: Prompting strategies used in the study.

without examples, whereas One-Shot and Few-Shot add, respec-
tively, one or more structural examples (test cases) as a reference
only. In the lower part (high-level cognitive guidance), the struc-
tured reasoning strategies PoT and CoC operate with a higher level
of cognitive guidance. The prompts used in PoT and CoC incorpo-
rated elements of the data flow criterion, such as def, p-use, and
c-use associations [11], in the construction of the instructions, un-
like the other strategies. PoT and CoC also include a preliminary
structural analysis of the target test method to guide models in
generating test cases with greater detail. In PoT, this analysis is
materialized as an intermediate JSON artifact that structures a test
plan based on the identified execution paths. In CoC, the analysis
guides the construction of a sequential chain of execution states
(DS1 → DS2 → DS3), in which the models simulate the target
method’s behavior step-by-step before generating test cases.

In summary, the adoption of five strategies aimed to balance
analytical coverage and experimental control. Given that the ex-
periment involved different language models, target classes, and
repeated executions, including more strategies could substantially
increase experimental complexity. Therefore, this number of strate-
gies was chosen to enable systematic comparison of different forms
of guidance provided to LLMs while maintaining the feasibility of
the study. The selection of strategies was based on the systematic
survey conducted by Sahoo et al. [33], which ranges from fundamen-
tal context induction techniques, such as Zero-Shot and Few-Shot,
widely used for adaptation to new tasks without retraining, to more

advanced neuro-symbolic reasoning approaches aimed at code gen-
eration and execution (PoT and CoC). In this context, PoT and CoC
seek to induce models to structure logical reasoning by simulating
pseudocode and programmatic constructs (think in code), thereby
mitigating limitations of prompts built from direct linguistic user
instructions [33].

After identifying the strategies, the next step was to formulate
the instructions by class. For each of the 16 classes, five prompts
were developed, totaling 80 prompts in the study (5 strategies × 16
classes). The prompts were originally elaborated and executed in
Brazilian Portuguese, and English translations are also available in
the study’s repository to support replication by researchers from
other linguistic backgrounds.

4.1.4 Language Models (LLMs). To perform the test generation
task, three LLMswere selected via the OpenRouter platform1, which
provides a unified API for accessing language models from different
providers, enabling standardized requests and comparison across
models with varying capabilities and cost profiles. The adoption of
three models provides a more comprehensive evaluation of prompt-
ing strategies and reduces the risk of premature interpretations
arising from observations under a single model.

Model selection considered experimental feasibility criteria: API
access availability, recognized capability in code generation tasks,
and cost profiles compatible with large-scale experiment execu-
tion. Free models were discarded due to limitations identified in
preliminary tests, such as the generation of incomplete suites and
daily usage restrictions. The selection also sought to include mod-
els with distinct characteristics, including two specialized in code
generation and one general-purpose model that supports this task,
used as a comparative reference. It should be emphasized that the
models are not the primary focus of evaluation in this study; they
are used as instruments for generating unit tests under the different
prompting strategies investigated. Accordingly, Table 1 summarizes
the adopted models.

Table 1: Language models used in the study

Model Specialization

Llama 4 Maverick General Purpose + Code Generation
Qwen3 Coder 480B A35B Code Generation
Grok Code Fast 1 Code Generation + Reasoning

4.1.5 Mutation Testing Tool. For mutation testing, the PIT (Pitest)
tool was adopted2, selected for its maturity and widespread adop-
tion in empirical software testing studies for Java systems [9, 21, 24,
40]. PIT integrates with the Java ecosystem and operates directly on
bytecode, which contributes to its efficiency in mutant generation
and execution, enabling its application in large-scale experiments
[9, 24]. Furthermore, the tool supports an extensible set of mutation
operators consolidated in the literature, with proven robustness
in real-world development scenarios [9, 21]. These characteristics
make PIT suitable for conducting the proposed experiment, which
involves Java projects and execution at a considerable scale.
1https://openrouter.ai/
2https://pitest.org/

https://openrouter.ai/
https://pitest.org/
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4.1.6 Script Design. After defining the experimental instruments,
the preparation of the infrastructure and artifacts necessary for the
study execution began. This stage comprised two main activities:
(i) the design and organization of prompts for each adopted strat-
egy; and (ii) the design of scripts responsible for automating the
experimental pipeline and generating CSV reports.

The need to handle multiple experimental combinations, com-
bined with the nondeterministic nature of LLM responses, necessi-
tated mechanisms for execution control, logging, and orchestration.
To this end, Bash and Python scripts were developed to integrate
the different tools used in the study. A controlled environment
was configured using a Docker container with Java 17, Maven sup-
port, PIT, and auxiliary tools. In building this infrastructure, not
only the actions to be performed at each stage were defined, but
also the control rules, validation criteria, and artifacts to be gener-
ated. Additionally, standards were established for result traceability,
including the automatic generation of structured CSV reports to
support subsequent analyses.

4.2 Execution
4.2.1 Test Suite Generation. Test suite generation was performed
using a parameterized script responsible for orchestrating API calls
based on the experimental combinations {class, model, prompt
strategy}, as illustrated in Stage II, step 7 of the experimental flow
(Figure 1). All calls were executed with temperature set to zero,
aiming for greater consistency and reduced response variability.
However, this adjustment does not completely eliminate the non-
deterministic behavior of LLMs [7, 27]. To capture this residual
variability, each combination was executed five times through in-
dependent API calls, in line with practices adopted in the literature
[12, 27].

Themodels had access to the full source code for each target class
and the corresponding prompts, organized in specific directories.
Script execution produced collections of test cases implemented
as Java test suites. The generation script automatically applied
structural adjustments to the generated suites, such as package dec-
larations, standardization of class names, and file organization, to
ensure correct integration into the execution environment without
altering the models’ generated test logic. Note that any remaining
compilation failures arise exclusively from the content generated by
the LLMs. The files were named in a standardized manner, incorpo-
rating information about the model, prompt strategy, and execution
number, allowing better traceability of the generated suites.

During execution, API-reported token usage was recorded in
structured files to support traceability and cost estimation. Each
target class produced 75 test suites (3 models × 5 strategies × 5
executions), totaling 1,200 suites in the study (16 classes × 75).

4.2.2 Test Suite Validation. All 1,200 generated suites underwent
a validation process, as illustrated in Stage II, step 8 of the experi-
mental flow (Figure 1). The first step was to automatically compile
the test files and immediately discard suites that produced compila-
tion errors. Next, the compilable suites were executed with Maven,
and only those that completed successfully were classified as eligi-
ble. The quantitative validation results, i.e., eligible and ineligible
suites per class, model, and prompting strategy, were automatically

recorded in CSV files, enabling complete traceability and support-
ing analyses related to RQ1. Ineligible suites were discarded and did
not proceed to the mutation testing stage. This filter ensures that
the analysis reflects exclusively the ability of tests to detect faults,
rather than structural or logical issues of the generated suites.

4.2.3 Mutation Testing.

Mutant Generation: For the generation of mutants in each class,
a dedicated script was developed that runs PIT with the default set
of mutation operators (DEFAULT)3, producing a representative set
of typical faults, as illustrated in Stage II, Step 9 of the experimental
workflow (Figure 1). Mutant generation was restricted to the tar-
get method of each class by configuring the <excludedMethods>
parameter via pom.xml, excluding all other methods from the mu-
tation scope. This decision avoids distortions in the analyses, since
the LLMs were instructed to generate tests only for the target
method; mutants generated in other methods would inevitably re-
main uncovered, surviving not due to limitations of the test suites
but because they lie outside the defined test scope. Furthermore,
in the absence of test coverage, PIT does not select any tests to
challenge the generated mutants, as it executes only the tests that
cover the instruction at which each mutant is located [9]. Given this
scenario, we defined a baseline test suite created manually, used ex-
clusively to provide minimal coverage of the target method during
mutant generation. Note that the baseline suite does not participate
in the evaluations, only the suites generated by the LLMs are used
in the mutation testing execution step.

Finally, the generated mutant set was fixed using the PIT history
mechanism, ensuring that all LLM-generated suites were evaluated
against the same set of mutants per class, thereby guaranteeing a
fair comparison among the test suites. It should be emphasized that
the number of mutants generated per class was not controlled in the
experiment; it was determined solely by PIT, based on the structure
of the target method and the mutation operators in the DEFAULT
set. The resulting artifacts, including the mutation history (PIT
history) and the corresponding reports, were stored in a directory
dedicated to the experiment.

Execution of Test Suites on Mutants: With the set of mutants pre-
viously fixed via pithistory, mutation testing was performed, as
illustrated in Stage II, Step 10 of the experimental workflow (Fig-
ure 1). To this end, a dedicated script identified, for each class, the
eligible test suites compiled in the experiment directory, excluding
the baseline suite used during the mutant generation step. For each
identified suite, PIT was executed independently, reusing the pre-
viously established mutation history file (pithistory). The reports
generated by PIT for each suite were stored in individual directories,
enabling the extraction of metrics used in the evaluation step.

4.3 Evaluation
The evaluation stage, corresponding to Stage III of the experimental
workflow (Figure 1), was structured around the formulated research
questions, each addressed through specific metrics and procedures,
as described below.

3https://pitest.org/quickstart/mutators/

https://pitest.org/quickstart/mutators/
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To answer RQ1, the eligibility of test suites was evaluated based
on the combination of class, model, and prompt strategy, using struc-
tured reports automatically generated from the test suite validation
artifacts, including quantitative records of eligible and ineligible
suites. For each experimental combination, five independent exe-
cutions were considered, and the Test Suite Eligibility Rate (TSER)
was defined as:

TSER =

(
𝑆𝑒

𝑆𝑡

)
× 100 (1)

where 𝑆𝑒 represents the number of eligible suites and 𝑆𝑡 the total
number of suites generated for that combination.

To answer RQ2, the eligible suites were evaluated individually
using the Mutation Score (MS), which corresponds to the Mutation
Coverage value reported by PIT from the test suite execution reports
for mutants. MS is defined as:

MS =

(
𝑀𝑘

𝑀𝑡

)
× 100 (2)

where𝑀𝑘 represents the number of mutants killed by the test suite
and 𝑀𝑡 the total number of mutants generated for the respective
class. Based on these reports, CSV artifacts were generated, contain-
ing, for each test suite, the counts of killed, survived, and uncovered
mutants, which served as the basis for extracting the metric.

To answer RQ3, a qualitative analysis of surviving mutants was
conducted based on the mutation testing reports generated for each
eligible suite, following three complementary dimensions: (i) surviv-
ing mutants were grouped by mutation operator type, considering
that multiple mutants may be associated with the same operator,
allowing the identification of which operator types concentrated
the largest number of surviving mutants, i.e., which categories
of syntactic transformations presented the greatest difficulty for
detection; (ii) observed patterns were aggregated across the set
of analyzed classes, aiming to identify structural recurrences that
support objective recommendations for test suite adjustments to im-
prove defect detection capability; and (iii) mutants that survived in
all mutation testing reports of their respective class test suites were
highlighted, treated as candidates for equivalent mutants based
on the observed systematic recurrence, without implying formal
confirmation of semantic equivalence.

5 Results
5.1 RQ1: Test Suite Eligibility
To answer RQ1, we analyzed 1,200 generated test suites, of which
679 were eligible for mutation testing, yielding an overall eligibility
rate of 56.58%. Among the 521 ineligible suites, 86 (7.17%) failed to
compile and 435 (36.25%) failed at runtime. Table 2 summarizes the
TSER for each prompting strategy, reporting mean and standard
deviation (𝜇 ± 𝜎), median, and 95% confidence interval (CI) based
on five independent executions per experimental combination.

The strategies showed similar mean eligibility rates, ranging
from 47.23% (Few-Shot) to 60.85% (PoT), with high variability across
all groups (𝜎 ≈ 39%–40%). The medians reinforce this pattern: PoT
reached 80%, suggesting more frequent high-eligibility executions,
whereas Few-Shot recorded 40%, indicating lower consistency. The
substantial overlap in the 95% confidence intervals suggests that
the observed differences should be interpreted with caution, as they
may reflect variability in the experimental combinations rather

Table 2: Descriptive statistics of TSER per prompt strategy.

Strategy TSER (𝜇 ± 𝜎) Median (%) 95% CI

Zero-Shot 58.33 ± 39.32 70 [47.21 – 69.46]
One-Shot 60.00 ± 39.34 60 [47.47 – 70.03]
Few-Shot 47.23 ± 38.54 40 [35.29 – 57.21]
PoT 60.85 ± 40.64 80 [49.85 – 72.65]
CoC 59.57 ± 39.89 60 [46.91 – 69.76]

than systematic effects of the prompting strategies. Figure 3 shows
the distribution of TSER by prompt strategy.
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Figure 3: Distribution of TSER by prompt strategy.

As illustrated in Figure 3, regardless of the strategy adopted,
eligibility rates vary widely between 0% and 100%, with substantial
overlap among distributions and no explicit outliers. The PoT and
Zero-Shot strategies exhibited the highest medians, whereas One-
Shot and CoC recorded intermediate and closely related medians,
suggesting similar behavior. In contrast, Few-Shot concentrates the
lowest median values, indicating lower consistency in generating
eligible test suites. The wide boxes across all strategies reflect high
intra-strategy variability, reinforcing that test suite eligibility can
vary considerably within the same prompting approach, with class–
model combinations registering both null and maximum eligibility.

To formally assess the differences among the strategies, statistical
tests were applied. The Shapiro–Wilk test rejected the normality
hypothesis for all strategies (𝑝 < 0.05), with𝑊 statistics ranging
from 0.80 to 0.86, motivating the use of the non-parametric Kruskal–
Wallis test [38, 43]. The results showed no statistically significant
difference among the prompt strategies (𝐻 = 4.47,𝑑 𝑓 = 4, 𝑝 = 0.346,
𝛼 = 0.05), with a negligible effect size [38] (𝜂2

𝐻
= 0.002), indicating

that only 0.2% of the observed variance in TSER is associated with
the prompt strategy. Thus, there is no evidence that more structured
prompt strategies, such as PoT and CoC, yielded consistent gains
in test suite eligibility.

Answer to RQ1. The prompt strategies did not exert a statistically sig-
nificant effect on the eligibility rate of the generated test suites (𝐻 = 4.47,
𝑝 = 0.346, 𝜂2

𝐻
= 0.002). The high intra-strategy variability observed

suggests that other factors, such as the language model used or the
structural characteristics of the classes under test, may be related to
instability in generating compilable and executable suites.
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5.2 RQ2: Application of Mutation Testing
To answer RQ2, we considered the set of 679 test suites classified as
eligible in the study, which together totaled 189 mutants, distributed
across the 16 classes. Table 3 presents the descriptive statistics of the
Mutation Score (MS) per prompt strategy, reporting the number of
suites (𝑛), mean, standard deviation (SD), median, first quartile (P25),
third quartile (P75), minimum and maximum values, as well as the
proportion of suites that achieved an MS equal to 100% (%MS=100).

Table 3: Descriptive statistics of MS per prompt strategy.

Strategy 𝑛 Mean SD Median P25 P75 Min Max %MS=100

Zero-Shot 140 86.28 23.08 100.00 75.00 100.00 15.80 100.00 65.70
One-Shot 142 84.88 24.13 100.00 65.20 100.00 15.80 100.00 66.20
Few-Shot 109 79.77 29.73 100.00 55.56 100.00 15.80 100.00 61.50
PoT 148 88.42 17.17 100.00 74.43 100.00 33.30 100.00 60.10
CoC 140 90.30 17.28 100.00 88.73 100.00 31.60 100.00 67.10
Total 679 86.24 22.54 100.00 72.73 100.00 15.80 100.00 64.20

The data in Table 3 show that all strategies presented a median
equal to 100%, indicating that most suites were able to kill all mu-
tants of the target method. Given the ceiling effect on the median
and P75, the first quartile (P25) becomes the primary discriminating
measure across groups. The CoC strategy achieved the best per-
formance (P25 = 88.73%), indicating that at least 75% of its suites
achieved an MS above this value, followed by Zero-Shot (75.00%)
and PoT (74.43%). In contrast, Few-Shot recorded the lowest P25
(55.56%), a difference of 33.17 percentage points relative to CoC.
This pattern is reinforced by the mean and standard deviation: CoC
and PoT exhibited the highest means (90.30% and 88.42%) and the
lowest standard deviations (17.28% and 17.17%), indicating better
central performance and greater consistency, whereas Few-Shot
recorded the lowest mean (79.77%) and the highest standard devia-
tion (29.73%), with a larger proportion of suites achieving an MS
below 50% (22.0%, compared to 2.1% for CoC).

As with RQ1, the Shapiro–Wilk test was applied to verify the nor-
mality assumption of the Mutation Score data. The results indicated
𝑝-values below 0.05 for all strategies (𝑊 between 0.62 and 0.69),
rejecting the normality hypothesis and justifying the use of non-
parametric methods. The Kruskal-Wallis test was then adopted to
compare MS distributions across the five prompt strategies. The test
revealed no statistically significant differences among the groups
(𝐻 = 4.223; 𝑑 𝑓 = 4; 𝑝 = 0.377; 𝜂2

𝐻
= 0.002). This result indicates

that, despite trends observed in the descriptive analysis, such as
CoC’s higher P25 (88.73%) than Few-Shot (55.56%), these differ-
ences are not sufficiently large to characterize a systematic effect of
the prompt strategy on the mutant-detection capability of eligible
suites.
Answer to RQ2. The prompt strategies did not present statistically
significant differences regarding the Mutation Score values of the suites
(𝑝 = 0.377). Although CoC and PoT exhibited the highest mean values
(90.3% and 88.4%) and the lowest variability (SD of 17.28% and 17.17%)
compared to the other strategies, the observed ceiling effect (median of
100% in all groups) and the lack of statistical significance indicate that
the choice of strategy alone does not constitute a determining factor for
the effectiveness of test suites from the mutation testing perspective.

5.3 RQ3: Surviving Mutants
Unlike the quantitative analyses performed in RQ1 and RQ2, ad-
dressing RQ3 required a qualitative approach based on inspecting
the reports generated by PIT, aiming to infer structural adjustments
in the test suites produced by the LLMs. Of the 189 mutants gener-
ated throughout the experiment, 43 remained alive in at least one of
the eligible suites analyzed. The analysis was conducted by treating
mutation operators as the primary unit of structural interpretation:
operators represent categories of syntactic transformations applied
to the original program, whereas mutants correspond to concrete in-
stances of those transformations. Table 4 presents the total number
of non-detection occurrences per operator, considering all eligible
suites that exercised each surviving mutant.

Table 4: Impact of surviving mutation operators – total non-
detection occurrences per operator.

Mutation Operator Affected Suites % of Total

ConditionalsBoundaryMutator 146 42.6
MathMutator 89 26.0
NegateConditionalsMutator 78 22.7
IncrementsMutator 15 4.4
VoidMethodCallMutator 9 2.6
BooleanTrueReturnValsMutator 6 1.7
Total 343 100.0

The data in Table 4 reveal a concentration of detection failures in
three mutation operators. The ConditionalsBoundaryMutator alone
accounted for 42.6% of the non-detection occurrences, followed
by the MathMutator (26.0%) and the NegateConditionalsMutator
(22.7%). Together, these three operators account for 91.3% of all non-
detections, indicating that the generated suites face predominant
difficulty in detecting mutations that alter boundary conditions,
arithmetic operations, and conditional negation. In contrast, the In-
crementsMutator, VoidMethodCallMutator, and BooleanTrueReturn-
ValsMutator exhibited a reduced impact, accounting for less than
9% of the occurrences. This pattern suggests that the limitations of
the suites are not uniformly distributed across the simulated fault
types, but rather concentrate in specific mutation categories.

5.3.1 Recommendations for Test Suite Adjustments. Table 5 syn-
thesizes the mutation operators identified as surviving in the PIT
reports, the inferred faults, and the recommended adjustments, pro-
viding an interpretative guide for refining and improving the test
suites, rather than a complete inventory of all observed occurrences.

To support the recommended adjustments in Table 5, the chain
of evidence proposed by Wohlin et al. [43] was adopted as a sys-
tematic refinement procedure, consisting of: (i) identifying the sur-
viving mutation operator and the affected classes; (ii) locating in
the original code the mutation point associated with the operator;
(iii) examining a non-detecting suite to identify the exercised sce-
narios and the missing condition; (iv) contrasting with a detecting
suite to isolate the test case or assertion responsible for detection;
and (v) incorporating the missing element into the fragile suite.
It should be noted that, since PIT operates on bytecode, the ex-
act syntactic transformation is not directly traceable in the source
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Table 5: Mapping of operators, inferred faults, and recom-
mended adjustments.

Operator Inferred fault Recommended
adjustment

Conditionals-
BoundaryMutator

Lack of test cases at the
condition threshold value

Include test cases with val-
ues equal to the thresholds

MathMutator Expected value mirrors
the implementation, mak-
ing the test insensitive to
mutation

Adopt reference values
computed independently
from the code under test

NegateConditionals-
Mutator

Lack of positive assertion
for the negated branch of
the condition

Explicitly cover both
branches of boolean
conditions

IncrementsMutator No verification of the con-
trol variable progression

Verify the variable value
across successive itera-
tions

VoidMethodCall-
Mutator

Lack of assertions about
the result of the operation
performed by the method

Include assertions about
the object state after exe-
cution

BooleanTrueReturn-
ValsMutator

Lack of a scenario with a
false return

Include a test case that
forces a negative return

code, being inferred based on the type of operator applied and the
construct present at the indicated line.

For the two highest-impact operators, which together accounted
for 68.6% of the non-detections, the aforementioned tracing proce-
dure was applied. The ConditionalsBoundaryMutator (42.6%) was
identified at a boundary comparison in a binary tree insertion
method (if (value < parent.data)), in one of the study’s classes.
One of the suites generated for that class did not detect the mu-
tant because it lacked a test case exercising the equality condition
(value == parent.data), a scenario in which the inserted value
exactly matches that of the parent node. A distinct suite, generated
for the same class, detected the mutant by including a test case
that inserted a value equal to the parent node’s and verified the
resulting insertion position, thereby eliminating the mutation. The
MathMutator (26.0%), in turn, was identified in an area calculation
method of another class in the study, whose expected value was
obtained by delegating the calculation to the very implementation
under test; when the mutant replaced multiplication with division,
the expected value followed that change, and the test continued to
pass. A distinct suite, generated for the same class, eliminated this
fragility by adopting a reference value computed independently of
the implementation.

5.3.2 Mutant Candidates for Equivalence. Two mutants survived in
all eligible suites of their respective classes and were flagged as can-
didate equivalents according to the criterion defined in Section 4.3.
Both are associated with the ConditionalsBoundaryMutator : one in
the Fraction class (method getReducedFraction), surviving in
all 22 suites of that class; another in StringCompression (method
compress), surviving in all 25 suites. Although formal confirma-
tion of equivalence is beyond the scope of this study, these cases
represent a specific limitation to be considered when interpreting
mutation score results.

Answer to RQ3. The analysis of surviving mutants enabled the in-
ference of specific structural adjustments for six mutation operators,
concentrated mainly in three categories: (i) inclusion of test cases at the
boundary values of relational conditions (ConditionalsBoundaryMutator,
42.6% of non-detections); (ii) adoption of independent reference values
in assertions (MathMutator, 26.0%); and (iii) explicit coverage of alterna-
tive branches in conditionals (NegateConditionalsMutator, 22.7%). The
remaining operators (IncrementsMutator, VoidMethodCallMutator, and
BooleanTrueReturnValsMutator) together accounted for less than 9% of
the occurrences, with adjustments aimed at verifying loop progression,
post-execution assertions, and coverage of negative returns.

6 Lessons Learned
The RQ1 results revealed that, even with full access to the target
class’s source code and the test scope restricted to a single method,
43.42% of the suites produced by the LLMs were ineligible, the vast
majority of which failed at runtime (36.25%) rather than at compi-
lation (7.17%). This pattern suggests that the models demonstrate
reasonable capability to generate syntactically valid code but face
difficulties in understanding the program’s semantic contract, i.e.,
the expected behavior of the method under different input and state
conditions. This observation raises a relevant question: source code
alone appears to be insufficient as the sole input artifact for test
generation. Specification documents, business rule descriptions, or
annotations of expected behavior could provide the model with
the semantic context that code does not explicitly express, poten-
tially reducing the incidence of runtime failures and enhancing
the model’s ability to exercise less-obvious logical paths, such as
boundary conditions.

Given this scenario, re-prompting strategies with feedback from
compilation and execution error logs represent a promising path
to maximize the set of suites assessable by mutation testing. In the
conducted experiment, 521 suites were discarded before reaching
the mutation testing evaluation stage, representing a significant
volume of artifacts that could have been recovered through iterative
correction cycles. In this direction, Konstantinou et al. [23] demon-
strated that iterative feedback of error information to the model
increased line coverage and mutant detection, showing that failure-
driven re-prompting constitutes a promising strategy to increase
the eligibility rate and, consequently, the investigative capacity of
studies with experimental designs similar to that of this work.

7 Practical Implications
One of the most relevant contributions of this study lies in the
observation that prompt strategies with structured reasoning, such
as PoT and CoC, which incorporate elements of data flow analysis
as a guiding mechanism for test generation, produced suites that
showed more favorable performance trends in descriptiveMutation
Score analyses. This finding suggests that testing teams may benefit
from investing in the design of prompts grounded in classical soft-
ware testing literature concepts, bringing the guidance provided to
models closer to formal definitions such as def-use, p-use, and c-use
associations, rather than purely descriptive instructions.

This direction directly connects to the issue of generated test
quality. The surviving mutation operators identified in RQ3, espe-
cially the ConditionalsBoundaryMutator (42.6%), the MathMutator
(26.0%), and the NegateConditionalsMutator (22.7%), can be used as
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concrete inputs for refining generated suites, guiding specific struc-
tural adjustments. In this sense, the MUTGEN approach [42], which
used surviving mutants as an iterative feedback mechanism for the
model, represents an interesting complementary direction, in which
the patterns identified in this study could be directly incorporated
into the test suite generation process.

Finally, a balanced approach that combines test eligibility criteria,
such as those adopted in this study, which restrict mutation testing
application to compilable and executable suites, may offer a viable
trade-off between operational feasibility and evaluative rigor in
large-scale contexts.

8 Threats to Validity
Internal Validity: The primary threat to the internal validity of
this study stems from the non-determinism of LLMs, which may
introduce variability in results regardless of the prompt strategy
used. To mitigate this effect, all executions were performed at zero
temperature, and each {class, model, strategy} combination was
run five times via independent API calls. Instrumentation threats
were mitigated by using PIT and a fixed set of mutants per class,
ensuring identical evaluation conditions. Finally, the generated
artifacts were not modified throughout the experiment and were
analyzed exactly as produced by the models, thereby preserving
the integrity of the results.

External Validity: The relatively small scale of the study, com-
prising 16 classes and a single target method per class, limits the
generalization of the results to larger and more heterogeneous
codebases. The selected Java classes, although extracted from repos-
itories well-established in the literature, do not represent the full
diversity of industrial systems, particularly those with high cou-
pling and complex architectures. Furthermore, the experiment was
conducted in an academic context, using single-pass generation
without reproducing typical elements of industrial environments,
such as continuous integration and iterative refinement cycles. Fi-
nally, the LLMs evaluated correspond to specific versions, and were
selected based on cost and feasibility criteria rather than state-of-
the-art capability; more capable commercial models may exploit
advanced prompting strategies such as PoT and CoC more effec-
tively, potentially yielding gains not captured in this study, so that
future versions of the models may yield different results.

Construct Validity: The quality of the tests was operationalized
in two complementary dimensions: operational feasibility, mea-
sured by TSER, and defect detection effectiveness, measured by
the Mutation Score [6, 11]. Although these metrics do not capture
attributes such as readability or maintainability, the experiment
was conducted at the method level, which favors greater scope
control and comparability across treatments.

Conclusion Validity: The analytical power of the study was
enhanced by a balanced experimental design, with an equal number
of executions per {class, model, strategy} combination, totaling
1,200 generated test suites and 679 evaluated through mutation
testing. Data normality was assessed using the Shapiro–Wilk test
and, given the violation of the normality assumption, the nonpara-
metric Kruskal–Wallis test was adopted. In addition to 𝑝-values, the
analyses considered effect size (𝜂2

𝐻
) and 95% confidence intervals,

thereby strengthening the robustness of the conclusions obtained
[43].

9 Conclusion and Future Work
This paper presents an empirical study investigating how differ-
ent prompt strategies influence the quality of unit tests generated
by LLMs, considering both operational feasibility and effective-
ness in defect detection via mutation testing. The results indicated
that although no strategy stood out statistically, prompts based on
structured reasoning, such as PoT and CoC, grounded in data-flow
concepts, tend to produce more consistent test suites with better
Mutation Score performance. This finding suggests that the way the
instruction organizes the model’s reasoning may affect the logical
quality of the generated tests. Furthermore, the analysis of surviv-
ing mutants revealed recurrent weaknesses concentrated in three
main aspects: absence of test cases to explore boundary conditions
in conditionals (42.6%), assertions that delegate the computation of
expected values to the code under test, rendering the tests insen-
sitive to mutation (26.0%), and insufficient coverage of alternative
branches (22.7%). Based on these results, objective recommenda-
tions were derived to refine the generated test suites.

The study used 16 Java classes with low method-level coupling
in a single-pass generation scenario without iterative refinement,
which limits the generalizability of the results to more complex
industrial systems. As future work, the following stand out: (i) ex-
tending the PoT and CoC strategies to iterative generation scenarios
with error log feedback; (ii) evaluating the semantic enrichment
of prompts with specification artifacts, aiming to reduce runtime
failures; and (iii) developing prompts targeted at mitigating the
non-detection patterns identified in RQ3, converting the diagnosis
produced in this study into more effective prompting strategies for
the most recurrent mutation operators. In summary, the findings
reinforce that the contribution of prompt engineering to LLM-based
test automation is not limited to generating executable artifacts,
but also includes producing logically more robust and relevant tests
that detect program defects.
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