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ABSTRACT
Software testing is a vital yet time consuming process during the
development lifecycle, often causing engineers to limit its use in
practice. In order to encourage active software testing, researchers
have shown signi�cant advances in automatic unit test case gener-
ation with approaches such as search-based testing (i.e., EvoSuite)
and large language models (i.e., ChatGPT). However, while the �rst
su�ers with exploring edge cases of the input space, the latter still
su�ers from hallucinations during code synthesis, limiting the use
of both solutions. This research aims to overcome these limitations
by utilizing the strengths of both techniques, which are e�ective
test structure generation and program inference, respectively. In
particular, the assertions of initial unit tests generated by EvoSuite
are augmented using ChatGPT-4o, with the aim of improving the
mutation score, and hence the overall test suite e�ectiveness. We
evaluate our solution, called evoLLve’M, on a benchmark of 20
Java classes from the SourceForge110 Corpus and compare it to
only using EvoSuite, which is considered the state-of-the-art ap-
proach. Results show that evoLLve’M outperforms EvoSuite in 25%
of the classes for mutation score, without negatively impacting
other classes. It boosts the total number of killed mutations by 3%,
achieving the most improvement for mutations types of increments
and null returns, being 26.9% and 8.9%, respectively.

1 INTRODUCTION
Software testing minimizes critical system failures, which can range
from bugs causing direct �nancial loss, to usability issues under-
mining end-user trust [27]. Though being expensive and time-
consuming to perform, it comes to no surprise that testing urges
developers to maintain a high quality of the software itself [13]. In
particular, unit testing forms the foundation of this process [22]. A
unit test consists of two primary components: a test-pre�x, which
is a combination of input and program statements that produce
the desired state to be tested, and a test oracle, which veri�es the
expected result of this state with the actual output. Prior research
shows that oracles can be e�ectively implemented by using test
assertions [2]. Hence, using assertions we can create test cases that
aim to distinguish correct system behavior from incorrect behavior,
providing a necessary baseline for the quality of software.

Nevertheless, existing testing practices do not su�ciently focus
on unit testing nor on assertions [3, 7], as they are time-consuming
to write and developers do not know which assertions to make.
This is not unexpected, as the objective to distinguish correct from
incorrect program behavior is an undecidable problem [2]. However,
we can still create robust tests suites that ensure high e�ectiveness
by aiming to maximize the con�dence of this distinction. Literature
indicates that this is best measured by mutation score [11, 21, 29],

and is strongly correlated with test assertions [30]. Therefore, we
hypothesise that by improving the test assertions, we will also
increase the mutation score, implying a higher e�ectiveness of the
overall test suite.

Recent works shows large advances using approaches that gener-
ate tests using LLMs. This includes work where multiple models are
�rst �ne-tuned on additional data [8]. Other works shows the im-
pact of prompt engineering, where iteratively prompting the LLM
with �ndings from intermediate mutation testing lead to increased
mutation scores [5]. However, a common de�cit is that �ne-tuning
is an expensive operation, requiring vast amounts of data. Further-
more, most solutions either evaluate on publicly known datasets
which could result into bias, as well as reporting on code coverage
rather than mutation score.

In this paper, we address these limitations by using the strengths
of search-based test generation from EvoSuite, together with those
of OpenAI’s �agship large language model (LLM), ChatGPT-4o.
More speci�cally, we make use of e�ective test structure genera-
tion and program inference, respectively. EvoSuite’s state-of-the-art
evolutionary algorithm, DynaMosa [19], will generate an initial
JUnit test for each evaluated Java class. Subsequently, the LLM will
improve assertions by augmenting these tests through few-shot
prompting, where we aim to minimize the e�ect of code hallucina-
tions since tests do not have to be generated from scratch [6].

In order to evaluate the performance of the proposed solution,
that is, evoLLve’M, we performed an empirical study that investi-
gates its impact on: i) mutation score, and ii) type of mutations killed.
We compare these results with only using Evosuite. In particular,
we will conduct these experiments with 20 classes obtained from
the SourceForge110 Corpus as a benchmark. These projects are not
(yet) listed on well known developer platforms such as GitHub nor
used frequently in research. Hence with high likelihood, are not
included in the training set for ChatGPT-4o, which could skew the
outcome of the study [12].

The results show that augmenting search-based generated tests
by large language models leads to a higher mutation score for 25%
of the evaluated classes, while not negatively impacting the others.
Furthermore, while showing similar results in killed mutations per
type, it achieves a 26.9% and 8.9% increase in killed mutations for
the mutation types increment and null returns, respectively.

The remainder of this paper is structured as follows: Section 2
provides a background on two widely-used methods in research
to generate unit tests, namely search-based generation and that
with LLMs. Following this, Section 3 introduces a solution where
both methods are utilized to create more e�ective test assertions.
Section 4 describes which experiments will be used for evaluation
to assess the improvement, of which the results and analysis will be
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presented in Section 5. Threats to validity of the observed �ndings
shall be addressed in Section 6. Section 7 is dedicated to responsible
research, re�ecting on the reproducibility of the experiments and
its ethical and societal impact. Finally, Section 8 concludes the paper
with some thoughts on future directions.

2 BACKGROUND AND RELATEDWORK
In this section, we introduce the background of two widely-used
methods in research to automate unit test-case generation, namely
search-based test generation and test generation by using LLMs.

2.1 Search-Based Test Generation
Search-based software testing is a technique that approaches the
objective of generating unit tests as an optimization problem. Here,
the main idea is to generate tests by leveraging evolutionary algo-
rithms that navigate (i.e., search) the input space of the program
based on meta-heuristics, while maximizing for one or multiple
search criteria. Various approaches have been proposed in prior
literature, maximizing for criteria such as statement and branch
coverage, and achieving signi�cant results while making use of
genetic algorithms [4, 16].

In particular, EvoSuite has been proven to be the state-of-the-art
search-based unit test generation tool for Java, repeatedly beating
other existing approaches at the annual Search-Based and Fuzzing
Testing (SBFT) Tool competition [10], as well as outperforming
approaches using ChatGPT [26]. By default, it uses the DynaMosa
[19] algorithm which is proven to be superior for testing compared
to other available evolutionary algorithms [20]. This study uses
EvoSuite to generate an initial unit test for subsequent improve-
ment, which can lead to satisfactory results as introduced by [18].
For comparison, we will later use these initial tests as the baseline
for evaluation. Speci�c con�gurations for the use of EvoSuite in
this research will be discussed in section 4.2.

2.2 LLM Based Test Generation
Recenlty, test generation using LLMs has initiated a large momen-
tum in research interest, having shown success in similar tasks
such as question-answering and text generation []. Here, the use of
LLMs for test generation in prominent work is typically assisted
by either prompt engineering [27] or �ne-tuning the LLM with
an additional corpus of data, as large generative code models are
found to not be well-calibrated for this task straight out of the box
[15, 24].

Recent work showing satisfactory results include, but are not
limited to, TOGLL [8], where multiple models are �ne-tuned on the
SF110 Corpus for better results in test oracle generation. Rather than
�ne-tuning, MUTAP [5] shows high mutation score by iteratively
prompting the LLM with �ndings from intermediate mutation test-
ing. Combining both search-based testing as LLMs, CODAMOSA
[14] aims to escape the coverage plateau of search-based approaches
intermittently injecting improved test inputs generated by an LLM,
during the search of the evolutionary algorithm in use.

However, a common de�cit all solutions share is that generally,
LLMs do not perform well enough yet when generating tests from
scratch for programs outside of their training set [6, 25]. This was
also re�ected in work where test generation capabilities of multiple

widely-used LLMs were exercised on well-known datasets such as
HumanEval, available on GitHub, with that of the lesser-known
SF110 Corpus, highlighting resulting code coverage of the �rst by
80%, while only reaching 2% for the latter [23]. These observations
necessitate further research on using LLMs not to generate tests
from scratch, but to combine its unique inference abilities with
other existing methods for test generation, reducing LLM code
hallucinations [6]. Last, it is important to note that most work only
reports on code coverage metrics (not including assertion coverage),
which has been proven to be an inadequate measure for test suite
e�ectiveness [9].

3 APPROACH
This section presents our approach, called evoLLve’M, which aims
to generate unit tests with meaningful test assertions by utilizing
the strengths of both search-based test generation and that of LLMs.
As shown in Figure 1, the approach uses EvoSuite to create an initial
JUnit test case for each Program Under Test (PUT), of which the
assertions will be further improved by ChatGPT-4o using few-shot
prompting.

Figure 1: The proposed approach for generating JUnit tests
with meaningful assertions using EvoSuite and ChatGPT-4o.

3.1 Initialization
In order to create initial unit tests for each PUT, we use EvoSuite
with the DynaMosa algorithm. We motivate this decision as it is the
state-of-the-art technique for JUnit test generation, also generating
structured unit test cases as mentioned prior. However, some initial
unit tests may contain EvoSuite speci�c imports or method calls,
such as those used for mocking or exception handling. While ap-
pearing infrequently, this can cause tests to not compile when used
outside of the EvoSuite environment. These statements are manu-
ally removed to mitigate this e�ect, also halting their propagation
to subsequent stages of the approach. Furthermore, the resulting
unit tests will not only be used for prompting, but also form the
baseline for our evaluation.
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3.2 Assertion Augmentation
To improve assertions of the initialized unit tests for each PUT, the
following process of prompting is divided into four steps. We will
�rst describe each step, after which we give an overview of a full
prompt for a PUT. All prompting is done with API calls using the
o�cial OpenAI Python library. The �rst step of the augmentation
process is indicated by 3� in Figure 1. We create a new ChatGPT-4o
session, prompting it to consider a java class and corresponding unit
test, sent subsequently over separate prompts. We also include it
should not give a respond yet, and wait for further instructions after
having received both inputs. In the following two steps, we provide
both the PUT and corresponding unit tests as strings, indicated by
4� and 5� respectively. Again, we motivate the decision to provide
an e�ective and structured unit test during this process, as literature
shows correct examples of code can reduce hallucinations of LLMs
[6], also speci�cally for assertion related tasks [26]. Finally, 6� rep-
resents the last prompt, where we prompt to improve the assertions
of the given unit test such that it will result into a higher mutation
score. Moreover, the �nal prompt includes that we do not want any
further explanation, resulting in only the code of the augmented
unit test being returned. For the outgoing prompt in each step, we
include previous prompts and responses for the current session,
if applicable. A full overview of prompting for a PUT is as following:

1) "Please consider the following java class, and also a correspond-
ing unit test for it. I shall upload them in subsequent prompts, �rst
the class and then the test. After haven uploaded, don’t give me
any response yet and wait for my next prompt."
2) Only prompt the PUT as a single string
3) Only prompt the JUnit test as a single string
4) "Please improve the assertions in the unit test such that it will
result into a higher mutation score. You don’t have to explain which
changes you made."

3.3 Test Sanitization
In order to use the augmented unit tests, we must �rst assure that
all tests compile and pass when run. While the majority of tests
cases generated during this study shows no errors, less than 10%
of all test cases does require intervention. These errors consist of
one or multiple incorrect assertion(s) per test case, and on rare
occasions due to exceptions within the assertion statement (<1%).
Out of these exception errors, all but two are null pointer exceptions,
the remainder being a single number format exception and single
non-existing method call, caused by hallucination of the LLM. To
sanitize the generated test cases, we manually remove assertions
showing such e�ects. In case this causes a test case to not have any
assertions, the entire test case is removed.

4 EMPIRICAL STUDY
To assess the impact of evoLLve’M on improving JUnit test asser-
tions and mutation score, we perform an empirical evaluation to
answer the following research questions:

RQ1: How e�ective are the resulting tests from evoLLve’M compared
to only using Evosuite, measured by mutation score?

RQ2: What is the impact of evoLLve’M on types of mutation killed,
compared to only using Evosuite?

4.1 Benchmark
For evaluation of the proposed approach, we have assessed it on
a benchmark consisting of a diverse set of classes, gathered from
the SF110 Corpus. Besides the used package and class name, the
cyclomatic complexity of each PUT is also included, as shown in
Table 2. We motivate the choice of this benchmarks because it is
not listed on well known developer platforms such as GitHub nor
used frequently in research. Hence with high likelihood, the classes
are not included in the training set for ChatGPT-4o, which could
skew the results as mentioned prior.

4.2 Con�gurations and Parameter Settings
In this research, EvoSuite is used as version V1.2.0 with the Dy-
naMosa algorithm on a �xed search budget of 120 seconds, set to
weak mutation coverage. While additional parameter tuning has an
impact on the performance of the algorithm, used default settings
provide a valid results [1]. All initial JUnit tests generations were
performed on two AMD EPYC 7H12 64-Core processors, resulting
into 128 and 512 threads with hyper-threading enabled. Here, the
CPU operates on a clock speed between 1.5GHz and 2.6GHz, with
256GB of RAM-memory using Ubuntu 22.04 as operating system.

Considering ChatGPT, we have used version gpt-4o-2024-05-13.
All tests have been augmented on the 16th and 17th of June, 2024.
No speci�c seeds have been used during this process.

Last, all operations regarding mutation testing are performed
using PIT version 16.1.1. All types of applied mutations are listed
in Table 1, together with a description and examples. These types
form the default setting of PIT, speci�cally targeting weakmutation,
being representative for a valid assessment [17].

4.3 Analysis
Both approaches used in this study are non-deterministic, implying
di�erent runs can lead to variying results. To mitigate this issue,
both EvoSuite and evoLLve’M are run 6 times for each of the 20
classes. In order to address the variance of using EvoSuite generated
tests as an input for the LLM, only the most representative test
with regards to median mutation score over all runs has been used
for each class. To measure the relative performance, we apply a
unpairedWilcoxon signed-rank test, with a signi�cance level of 0.05.
This means that only for p-values equal or smaller than 0.05, both
approaches show a statistically signi�cant di�erence. Furthermore,
the Vargha-Delaney Â12 statistic is utilized to measure the actual
e�ect size (i.e., magnitude) of any signi�cantly distinct �nding.

5 RESULTS
This section analyzes the results of the conducted experiments to
answer the research questions stated in section 4. Table 2 sum-
marizes the results of the comparison between EvoSuite (i.e., the
baseline) and evoLLve’M for research question 1. For each class,
we show the median mutation score, the statistical signi�cance
produced by the Wilcoxon test, and the e�ect size using the Vargha-
Delaney statistic. In the table, we denote the p-value for classes
having an equal distribution in mean mutation score compared to
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Table 1: List of default Pitest mutatio types used for mutation testing

Operator Description

CB - conditional boundary replaces relational operators with their boundary counterpart (i.e., < with <=)
ER - empty returns replaces return values for primitive types with an empty value (i.e., 0 for int, "" for strings)
FR - false returns replaces primitive and boxed boolean return values with false
TR - true returns replaces primitive and boxed boolean return values with true
INC - increments interchanges increment and decrement operations of local variables (i.e., i++ with i- -)
IN - invert negatives 1 in 40,000
MTH - math replaces binary arithmetic operations for integers and �oat-points (i.e., + with -, » with «)
NC - negated conditionals replaces conditionals with their negation (i.e. == with !=, < with >=)
NR - null returns replaces method return values with null objects
PR - primitive returns replaces int, short, long, char, �oat and double return values with 0
VMC - void method call removes calls to void methods

the baseline, with "-", as well as for classes with a negligible e�ect
size. Results showing a statistically signi�cant improvement are
highlighted in gray. In order to give a valid representation of the
e�ectiveness of both approaches for the entire test suite, uncovered
mutations or mutations leading to timeouts have not been excluded.
For the second research question, Table 3 summarizes the results
of the comparison for both approaches, now for all mutation types
that were killed during the experiments. To emphasize the results
in killed mutations rather than test suite e�ectiveness, uncovered
mutations or mutations leading to timeouts have been now been
removed.

5.1 Research Question 1
As shown in Table 2, our approach achieves signi�cantly higher mu-
tation scores than EvoSuite for 5 out of 20 classes, all having a large
e�ect size. The biggest gain of 39.4% is achieved for the ByteVector
class, whereas the smallest gain was 8.64% for util.Queue. Further-
more, we notice that 4 classes initially reached full mutation score
before augmentation, which also remained equal afterwards. Since
this does not contribute to any bene�t for comparison, removing
these classes would rather imply a signi�cant improvement for
31.3% out of all classes, rather than only 25%.

In summary, our �ndings indicate that evoLLve’M achieves a
higher or equal mutation score as compared to only using
EvoSuite. For classes with no improvement in mutation score,
evoLLve’M does not show a signi�cant negative impact.

5.2 Research Question 2
As shown in Table 3, while evoLLve’M does achieves a 3% increase
in total mutations killed compared to EvoSuite, both approaches
achieve similar results over most mutation types in total. However,
evoLLve’M achieves a 26.9% increase in mutations killed for the
increment (INC) type, as well as a 8.9% increase for the null return
(NR) type.

In summary, our �ndings indicate that evoLLve’M achieves a
higher or similar amount of killed mutations per type
for weak mutation, as compared to only using EvoSuite.

6 THREATS TO VALIDITY
In this section, we will address possible threats to the validity of
the study and the measures taken to reduce their impact.

The �rst threat is reproducibility of the study. LLMs are non-
deterministic systems, which implies output variability [12], even if
the same set of prompts are being used. In over to overcome this, we
have repeated the generation of augmented unit tests over 6 runs,
where we take the median mutation score to account for variability
in the results. Furthermore, we make use of a closed source LLM in
this study, which gives no control over adaptions that are made to
the model over time. This is called model evolution unpredictability
[12], and gives no assurance that the results will remain consistent
over time. To address this measure, we included the speci�c model
using during the study, as well as on which dates it was used.

The second threat is implicit data leakage [12], implying we can-
not guarantee which data was used during pre-training of the LLM,
which would lead to an unfair advantage in the results. However,
the SF110 Corpus is not listed on well known developer platforms
such as GitHub, and only infrequently used in research. This moti-
vates its use during the study, mitigating the e�ect of training that
could skew the results.

The last threat comes from internal validity, re�ecting on the
accuracy of the study, speci�cally for augmenting JUnit tests. Since
the scope of the research was limited in time, we utilized only the
median EvoSuite generated test with regards to mutation score,
as an input for test augmentation. Due to the variability in the
resulting EvoSuite tests, using multiple tests as input for the same
class would lead to more complete results. Nevertheless, we still
use an input that represents the median over 6 di�erent.

7 RESPONSIBLE RESEARCH
In this section, we address the societal and ethical impact of the
study, the �rst being reproducibility, also mentioned as a threat
to validity. The reproducibility aspect provides transparency and
credibility for further research purposes, allowing others to correct
understanding of the work that was done. To ensure the extent of
reproducibility, multiple measures have been taken. First, all used
tools used during the study have been listed, containing the version,
and if applicable also the date of use and information about the
machine it was run on.
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Table 2: Median mutation score

ID Project Name Program Under Test CC EvoSuite evoLLve’M p-value 12

1 Tullibee client.Util 1.00 1.00 - - (0.5)
2 Tulibee client.Contract 1.00 0.99 0.26 S (0.36)
3 templateit OpMatcher 0.72 0.94 0.04 L (0.92)
4 sfms crypt.Base64 0.78 0.78 0.85 - (0.5)
5 imSMART Migration servlet.HTMLFilter 1.00 1.00 - - (0.5)
6 BeanBin search.WildcardSearch 0.96 0.96 - - (0.5)
7 saxpath Axis 1.00 1.00 - - (0.5)
8 Java View Controller tools.Base64Coder 0.95 0.96 0.26 M (0.72)
9 Java View Controller tools.HtmlEncoder 0.73 0.67 0.08 L (0.25)
10 Corina util.NaturalSort 0.67 0.66 0.84 - (0.44)
11 Corina util.Sort 0.07 0.19 0.10 L (0.75)
12 Corina util.StringComparator 1.00 1.00 - - (0.5)
13 Corina util.StringUtils 0.88 0.89 0.71 S (0.63)
14 SchemaSpy util.Version 0.84 0.95 0.03 L (0.92)
15 Java Interactive Pro�ler ByteVector 0.33 0.46 0.03 L (1.00)
16 Lagoon util.Utils 0.96 0.96 0.16 M (0.67)
17 openjms util.CommandLine 0.88 0.84 0.41 M (0.71)
18 biblestudy util.Queue 0.81 0.88 0.04 L (0.94)
19 Battlecry bcWord 0.78 0.87 0.03 L (0.83)
20 �m1 utils.StringEncoder64 0.77 0.71 0.06 M (0.28)

Mean over all projects 80.6% 83.5%

Table 3: Evaluation of killed mutants over all runs

Type EvoSuite evoLLve’M
killed total killed total

CB 359 (67.2%) 534 370 (69.3%) 534
ER 249 (90.2%) 276 260 (93.9%) 277
FR 90 (100%) 90 88 (100%) 88
TR 199 (97.1%) 205 202 (97.1%) 208
INC 290 (65.3%) 444 368 (82.9%) 444
MTH 1107 (76.0%) 1456 1082 (75.1%) 1440
NC 1529 (90.69%) 1686 1565 (91.4%) 1712
NR 133 (88.7%) 150 146 (97.3%) 150
PR 241 (84.9%) 284 249 (85.3%) 292
VMC 189 (79.4%) 238 188 (79.7%) 236

Total 4386 (81.8%) 5363 4518 (84.0%) 5381

Furthermore, another ethical impact of the study is on security
and privacy. This could lead from the use of OpenAI’s ChatGPT-4o
model, as recent work has shown suspicion about the origin of data
used during pre-training of LLMs [28]. While we do not encourage
the unauthorized use of private data, there is little impact we can
make besides using a di�erent model.

8 CONCLUSION AND FUTUREWORK
In this paper, we have leveraged search-based testing and test gen-
eration using an LLM to improve assertions in JUnit tests, with
the aim of achieving a higher mutation score. We implemented
our approach using EvoSuite and ChatGPT-4o, and evaluated it on

a benchmark consisting of 20 Java classes. The results show that
evoLLve’M signi�cantly improves mutation score, con�rming our
initial hypothesis. Furthermore, it shows research focusing on the
intersection of both utilized approaches can be bene�cial, rather
than only focusing on one.

In future work, we plan to con�rm current �ndings by evaluating
the proposed approach on a larger set of classes, on di�erent search
budgets for EvoSuite. This can give more insight in which types of
classes are most positively impacted, while potentially allowing for
cheaper operating costs. Furthermore, generating the unit tests with
EvoSuite already generates logs containing meta-data on the killed
and survived mutations for these test. This could be of large bene�t
during prompt augmentation, but was not used as the tool does not
provide features to e�ciently extract this data yet. A further next
step is to adapt the approach to work with focal methods and unit
test cases, rather than providing the entire PUT and JUnit test, as
this has also shown positive results in recent literature, leading to
a decrease in hallucinations.
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