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ABSTRACT
Software quality plays a crucial role in the development process,
and one of the main strategies to ensure it is through software
testing. However, testing can be a costly and time-consuming task,
leading researchers to explore ways to automate it. This study
analyzes the ability of large language models (LLMs) to generate
unit tests automatically, evaluating their performance based on
four key criteria: line coverage, branch coverage, hit rate, and cost.
To achieve this, unit tests were generated using three different
input formats: (i) source code only, (ii) source code with a doc-
string, and (iii) a detailed prompt with step-by-step instructions.
The results show that all models produce tests with high line and
branch coverage. However, hit rates vary depending on the input
format. The lowest hit rate was 72.61%, obtained by ChatGPT-4o
Mini when provided with only the source code. The highest hit rate
was 90.69%, achieved by Gemini 1.5 Pro when given source code
with a docstring, a performance close to the 96.81% hit rate of the
dataset’s reference tests. The findings indicate that more affordable
models, such as Gemini 1.5 Flash and GPT-4o Mini, can achieve
competitive results when optimized prompts are used, making them
cost-effective alternatives for unit test generation.
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1 Introduction
Software quality is one of the most crucial factors in ensuring that a
computing solution is secure, reliable, easy to maintain and use, has
good performance, among other aspects [38]. One key technique
for maintaining software quality is testing [18]. There are various
testing approaches, ranging from unit testing, which examines
individual modules in isolation [20], to integration testing, which
assesses the interaction between interconnected modules [27], and
regression testing, which verifies that changes in the code have not
generated errors in functionalities that previously worked [14].

Unit testing [4][44] aims to verify whether a unit is functioning
correctly. Typically, unit tests are manually created by the devel-
opment team, making it a time-consuming and resource-intensive
task [11]. Even though it is a costly activity, unit testing contributes
to the early identification of errors, facilitates code maintenance,

and increases the reliability of the developed features. As a result,
development teams can reduce rework, boost productivity, and
ensure higher-quality deliveries [24].

One way to reduce the costs and time involved in this activity is
through the automated unit test generation. [52]. Over the recent
years, numerous researchers have dedicated efforts to developing
various approaches for automating testing activities [3]. Among
the techniques employed are random test generation [39] [35],
fuzzy systems [45], evolutionary algorithms [9], model-based test
generation [46], and search-based test generation [16] [17], among
others.

However, many of these techniques face challenges related to
the readability of generated tests [22] or the difficulty of generating
tests across multiple programming languages [36]. Manual tests,
on the other hand, do not face these issues since they are created
by developers specialized in this activity. Thus, it can be observed
that both manual and automatic generation of unit tests have their
advantages and disadvantages [43].

With advances in artificial intelligence and the growing popular-
ity of tools like ChatGPT, some researchers have begun exploring
the use of Large Language Models (LLMs) [47] for software test
generation [2] [41]. These models have shown significant promise
in similar tasks, with one notable example being GitHub Copilot1,
a tool that leverages LLMs to assist developers in coding tasks [26]
[33] [31].

The application of LLMs in automatic unit test generation could
help overcome key challenges in this field, such as code readability
[51] and the ability to generate tests in multiple programming
languages [36]. In addition to the advantages already offered by
conventional techniques, such as generating tests more quickly and
ensuring good code coverage, LLMs introduce new possibilities for
improving software testing automation [32]. However, there are
still gaps in the literature regarding a detailed understanding of
the behavior of these models, especially with respect to the impact
of different prompt strategies on the quality of the generated tests
and the associated costs.

The main objective of this study is to evaluate the effectiveness
and cost-benefit ratio of different large language models (LLMs)
in the automatic generation of unit tests from source code. While
previous studies have explored the ability of LLMs to generate tests
automatically, little attention has been given to how different types
1https://github.com/features/copilot
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of prompts influence the quality of the generated tests and how
prompt size affects associated costs.

This work stands out by adopting an evaluation approach that, in
addition to considering traditional metrics such as line and branch
coverage, incorporates hit rate and a detailed cost analysis, in order
to provide a more comprehensive view of the effectiveness and
feasibility of using LLMs for automatic unit test generation.

Furthermore, this study compares three levels of prompt com-
plexity (a simple prompt, a prompt with a docstring, and a detailed
prompt) with the goal of analyzing how prompt design affects
test quality and how prompt length impacts cost. This allows for
the identification of combinations between model and input that
maximize test quality at the lowest possible cost.

The remainder of this paper is organized as follows. Section 2
presents related work on the topic, Section 3 presents the concepts
necessary for a proper understanding of the study, Section 4 de-
scribes the methodology applied in this study, Section 5 discusses
the results obtained, Section 6 discusses limitations and threats to
validity, and Section 7 presents the conclusion and directions for
future work.

2 Related Works
This section presents studies and research related to the topic ad-
dressed in this work. The following analysis was conducted to
identify the contributions of each study, the methodologies used,
and the results obtained in previous research. Additionally, key
gaps and challenges in the field were discussed, highlighting the
relevance and necessity of the current study. A brief survey listing
the most commonly used techniques is also included.

The study by [42] provides an empirical evaluation of the effec-
tiveness of automatically generating unit tests using LLMs. The
author emphasizes that no additional training or manual effort was
involved. In this study, the models were given a function along
with usage examples to generate tests. An extra step was also in-
cluded to check for errors in the generated tests and prompt the
model to correct any issues. The approach was tested using the
GPT-3.5 Turbo model, achieving 70.2% line coverage and 52.8%
branch coverage. These results outperformed the feedback-directed
test generation technique, which achieved only 51.3% line coverage
and 25.6% branch coverage.

The study by [12] introduces MuTAP as a strategy to enhance
the effectiveness of test cases generated by LLMs. To achieve this,
prompts are refined using surviving mutants, as these mutants high-
light the limitations of test cases in detecting changes in a program.
The results showed that the proposed method can detect up to
28% more faulty human-written code snippets. Among these, 17%
remained undetected by both the state-of-the-art fully automated
test generation tool (Pynguin) and the zero-shot/few-shot learning
approaches in LLMs.

In [51], an empirical study was conducted to assess ChatGPT’s
ability to generate unit tests. The study included a quantitative anal-
ysis and a user study to evaluate the quality of the generated tests
in terms of correctness, sufficiency, readability, and usability. The
findings revealed that ChatGPT-generated tests still suffer from cor-
rectness issues, ranging from compilation errors to runtime failures.
On the other hand, in terms of coverage and readability, they are

very similar to manually written tests. Finally, the authors propose
ChatTester, an approach that leverages ChatGPT to generate tests
and iteratively refine them. The results showed that the proposed
approach produces tests that are 34.3% more likely to compile and
18.7% more likely to have correct assertions compared to standard
ChatGPT-generated tests.

In [36], a thorough analysis was conducted on how LLMs can au-
tomatically generate unit tests for multiple programming languages
while maintaining good readability. The study describes a pipeline
that incorporates static analysis to guide the models in generating
high-coverage test cases. The results demonstrated that LLM-based
test generation can be competitive with, and even surpass, state-of-
the-art test generation techniques in terms of achieved coverage,
while also producing significantly more natural test cases.

This study stands out by exploring strategies to make the use
of these tools more efficient and cost-effective. The related works
cited here generally focus on metrics such as coverage and accuracy.
However, few assess the costs associated with using these models
or explore ways to optimize prompts to improve cost-effectiveness.
The proposed study differs by considering not only the effectiveness
of the models but also their feasibility, identifying approaches that
enhance their practical use in the software industry.

Another distinguishing factor is the experimental approach ap-
plied in this work, whichwill be presented in the next section.While
many studies use only one type of input for the models, this work
examines three different input formats: raw source code, source
code with a docstring, and a detailed prompt. This allows for a
more comprehensive analysis of how different types of instructions
impact model performance, contributing to a better understanding
of how to optimize their use.

3 Background
This section aims to present the fundamental concepts that support
this study, providing the theoretical foundation needed to under-
stand the problem under investigation. It covers topics such as unit
testing, its benefits and challenges, as well as techniques and tools
for its automatic generation. The section also discusses the concept
of Large Language Models (LLMs), highlighting how they work,
how they are built, and their potential applications in the context of
software engineering. Finally, it introduces the HumanEval dataset,
which serves as a benchmark in this study for assessing the ability
of LLMs to automatically generate unit tests.

3.1 Unit Tests
Unit tests are one of the most important practices in the software
quality assurance process [24]. Their main goal is to verify whether
individual units of code behave as expected. To achieve this, unit
tests focus on small parts of the system, such as functions or meth-
ods, in isolation. This allows defects to be detected early, so they
can be addressed during the initial stages of development, reducing
both costs and risks in later phases of the project [1]. A robust unit
test suite not only facilitates the identification and correction of
bugs but also supports the introduction of new features and helps
detect regressions [7].

Despite their importance, writing unit tests is not a trivial task.
Developers need a solid understanding of the code’s structure and
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logic in order to identify input values that will exercise a wide range
of execution paths. This ensures that the generated tests achieve
comprehensive coverage of the code under test [8] [30].

Even when developers are familiar with the code, it is not al-
ways easy to determine which cases should be tested to cover both
expected behaviors and edge cases. For this reason, automatic unit
test generation has become an increasingly relevant research area,
especially with the rise of artificial intelligence techniques and,
more recently, the use of large language models (LLMs) [52].

It is worth noting that automatic unit test generation techniques
and tools should be understood as auxiliary resources in the soft-
ware quality assurance process. While they provide significant
advantages, especially in terms of saving time, they do not replace
the developer’s role in identifying implicit requirements and ana-
lyzing non-trivial behaviors. Automation can accelerate the process
and suggest initial test cases, but developer validation and analysis
remain essential to ensure the effectiveness of the generated tests.

3.2 Large Language Models
Large Language Models (LLMs) are built using deep learning tech-
niques [21] trained on massive volumes of data. The purpose of
this training is to extract complex patterns from natural language,
which enables these models to perform a wide range of natural
language processing tasks, such as text translation, summarization,
text generation, question answering, and even code generation.

Most of these models are based on the transformer architecture
[47], which is characterized by its ability to parallelize the train-
ing process. This parallelization helps reduce the time required for
training, especially given the large amount of data involved. Typi-
cally, the training data consists of text gathered from the internet,
books, articles, and other sources.

In recent years, LLMs have been increasingly applied to techni-
cal domains such as software development, where they can assist
with tasks like code generation, code explanation, bug fixing, and
automatic test generation. However, their performance strongly
depends on how the instructions are formulated (prompt engineer-
ing) and the quality of the data used for training. For this reason,
their use requires careful handling and developer oversight.

This study selected four LLMs for evaluation: two models from
Google’s Gemini family and two from OpenAI’s GPT family. Specif-
ically, the models used were Gemini 1.5-pro, Gemini 1.5-flash, Chat-
GPT 4o, and ChatGPT 4o-mini. These models differ significantly in
terms of cost and performance, making them suitable for a compar-
ative analysis that considers both effectiveness and the economic
feasibility of automatic test generation.

Another important factor is that all selected models are publicly
available, which ensures that the experiments conducted in this
study can be easily replicated by other researchers. The availability
of lightweight versions, such as the “mini” and “flash” variants,
was also a criterion for selection. This allowed us to investigate
whether more affordable and less resource-intensive models can
compete withmore powerful alternatives when prompt engineering
strategies are applied.

Thus, the choice of these models enables a balanced analysis
across robustness, accuracy, and computational cost, supporting
the development of more rational strategies for applying LLMs

in software engineering with attention to both effectiveness and
cost-efficiency.

3.3 Dataset
HumanEval [10] is a dataset designed to evaluate the capabilities of
language models in programming tasks, particularly in automatic
code generation. It consists of 164 independent problems written
in Python. These problems were carefully selected to assess basic
programming skills, such as list and string manipulation, recursion,
and the use of conditional and loop structures.

Each item in the dataset includes three main components: a
function signature accompanied by a docstring that describes the
expected behavior in natural language, along with examples of
inputs and their corresponding expected outputs; a function that
implements the described behavior; and a set of test cases used to
verify the correctness of the implementation.

The fact that each problem can be executed independently al-
lows for the analysis of each case in isolation. This enables the
precise measurement of line and branch coverage, as well as hit
rate, ensuring fair comparisons between models and prompting
strategies.

3.4 Dataset Complexity
To better understand the complexity and size of the problems con-
tained in the dataset, an analysis was conducted using two metrics:
cyclomatic complexity [13] to individually measure the complexity
of each problem, and lines of code (LOC) [6] to individually measure
the size of each problem.

These two metrics were chosen because, when combined, they
provide a reliable means of evaluating code [40] [23], particularly in
small code snippets consisting of a single method, which is the case
for the problems in this dataset. Figure 1 presents a visualization of
the distribution of problems based on their cyclomatic complexity
and LOC.

Figure 1: Complexity of dataset problems

The measured cyclomatic complexity values range from 1 to
15, while the LOC values range from 2 to 32. From the analysis in
Figure 1, it can be observed that although some problems reach
a complexity of 15, the majority fall below 8, with an average
cyclomatic complexity of 3.61. For LOC, most problems contain
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fewer than 20 lines, with an average LOC of 7.78, despite amaximum
value of 32.

Therefore, it is evident that the overall complexity of the dataset
is relatively low. Although a few problems exhibit higher complexity
or size, they represent a small fraction of the 164 problems in the
dataset. Specifically, only 5 problems have a cyclomatic complexity
greater than 8, and only 5 problems exceed 20 lines of code.

4 Methodology
This study was conducted with the objective of evaluating the
effectiveness and cost-efficiency of different large language models
(LLMs) in the automatic generation of unit tests. To achieve this,
an empirical experiment was structured based on three variations
of input prompts and four distinct LLMs, as described below.

Four LLMs were selected for evaluation: Gemini 1.5-pro, Gemini
1.5-flash, ChatGPT 4o, and ChatGPT 4o-mini. These models were
chosen due to their current prominence in the landscape of LLM-
based tools, combining performance, popularity, and accessibility.
Earlier models, such as ChatGPT 3.5-turbo, were also considered.
However, since its results diverged significantly from the other
models, it was excluded from the comparative analysis.

The HumanEval dataset [10] was used as the source of code
for test generation. This dataset is widely adopted for evaluating
LLMs in code generation tasks. It consists of 164 carefully designed
programming problems. Each problem includes an identifier, a doc-
string describing the expected behavior of a function along with
usage examples, the function implementation, and a set of unit tests
to verify its correct behavior.

The evaluation involved submitting all 164 problems from the
dataset to the selected models so that unit tests could be generated
for each of them. To facilitate this, two prompt templates were
created: a simple prompt and a detailed prompt.

The simple prompt provides a direct instruction to the model,
as illustrated in the following example: “You are a helpful coding
assistant that responds only with Python code. Generate a test class
that tests the following code.” The detailed prompt, in turn, was
constructed using prompt engineering techniques [50], including
role prompting, goal specification, task decomposition, and few-
shot prompting, as described below.

The first step in constructing the detailed prompt was defining a
persona (role) to instruct the model to act as an agent specialized
in a specific task—in this case, unit test generation. This was done
to provide context for the model and constrain its response in
alignment with the objective of the study. The following shows
how this technique was applied in the detailed prompt.

Role Prompting
• You are a code generation assistant specializing in the devel-
opment of unit tests, responding only with Python code.

Next, the task objectives were defined, providing the model with
a clear explanation of what it should do, what resources it should
use, and what is expected as the final output. This included con-
straints, the desired output format, and quality criteria. The appli-
cation of this technique in the detailed prompt is shown below.

Goal Specification
• We are creating unit tests to verify and identify errors or
failures in source code.

• To accomplish this task, the source code to be tested is pro-
vided as input.

• At the end, the expected response is a class containing as
many test cases as necessary to ensure that the code has no
errors or failures.

The task was also decomposed with the goal of breaking down
complex activities into simpler, more manageable steps. This allows
the model to follow a well-defined sequence of actions and effec-
tively reach the final objective, generating a unit test. Below are
the decomposed and logically ordered tasks used in the prompt.

Task Decomposition

(1) Carefully analyze the provided code.
(2) Identify the possible input types and values.
(3) Identify the possible output types and values.
(4) Understand the core logic of the code.
(5) Based on this analysis, generate a class containing as many

test cases as necessary to ensure that the code has no errors
or failures.

(6) Ensure that the generated test achieves maximum code cov-
erage.

(7) Pay close attention to the example response—it should con-
tain only the test class written in the same programming
language and nothing else.

Finally, the model was presented with an example of input
(source code) and an example of the expected output (unit test).
The purpose of this step was to help the model understand the
expected input-output pattern so that it could generate responses
more aligned with the provided structure. Below is an illustration
of how this technique was applied in the detailed prompt.

Few-shot Prompting
### Example Code:

```python
from typing import List

"""
Return list of all prefixes from shortest to longest of the

input string↩→

>>> all_prefixes('abc')
['a', 'ab', 'abc']
"""
```

```python
def all_prefixes(string: str) -> List[str]:

result = []
for i in range(len(string)):

result.append(string[:i+1])
return result

```

### Example Response:

```python
import unittest

class AllPrefixesTest(unittest.TestCase):
def test_empty_string(self):
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self.assertEqual(all_prefixes(""), [])

def test_single_character(self):
self.assertEqual(all_prefixes("a"), ["a"])

def test_multiple_characters(self):
self.assertEqual(all_prefixes("abc"), ["a", "ab",

"abc"])↩→

def test_repeated_characters(self):
self.assertEqual(all_prefixes("aa"), ["a", "aa"])

def test_numeric_string(self):
self.assertEqual(all_prefixes("123"), ["1", "12",

"123"])↩→

def test_special_characters(self):
self.assertEqual(all_prefixes("!@#"), ["!", "!@",

"!@#"])↩→

```

The simple and detailed prompts were combined with differ-
ent levels of contextual information to evaluate how the degree of
guidance affects the quality and cost of the generated tests. The fol-
lowing are the three input configurations used in the experiments:

• Input 1 – Simple prompt + source code
• Input 2 – Simple prompt + source code + docstring
• Input 3 – Detailed prompt + source code + docstring

Each of the three input types was designed to address one of the
research questions defined below:

• RQ1 - Are the models capable of generating unit tests using
only the source code of the program to be tested?
This question aims to assess the ability of LLM models to
automatically generate unit tests with good code coverage
and hit rates when provided with the simple prompt pre-
sented in the previous section, along with the source code
for which the test should be generated.

• RQ2 - Are the generated tests improved when a docstring is
added to the source code?
This question aims to determine whether the quality of the
generated tests improves when, in addition to the simple
prompt and source code, the models are also provided with
a docstring that describes the problem to be solved and in-
cludes some input and expected output examples.

• RQ3 - Do the results improve when using a prompt that
explicitly details what should be done?
This question aims to verify whether there is a significant
improvement in the quality of the generated tests when the
models are provided with a detailed prompt, which outlines
each step to be followed, along with input (source code and
docstring) and expected output (unit tests) examples.

• RQ4 - Which model offers the best cost-benefit ratio for
automated unit test generation?
This question analyzes the costs associated with generating
unit tests for all problems in the selected dataset across each
of the scenarios described above.

To address the research questions RQ1, RQ2, and RQ3, inputs 1,
2, and 3 were used, respectively. For RQ4, which involves a broader

cost analysis, including which type of input provides the best cost-
benefit ratio, all previous configurations were considered.

To analyze the results obtained for each research question, the
following metrics were employed: line coverage, branch coverage,
hit rate, and associated costs. The coverage metrics were calcu-
lated using the Python Coverage library2, which is widely used
to measure the effectiveness of unit tests. Line coverage measures
the proportion of code lines executed during testing, while branch
coverage considers the different execution paths followed by the
tests. Ideally, both values should be close to 100%.

The hit rate was calculated as the ratio between the number of
tests that passed and the total number of tests generated. In other
words, for each problem, all generated tests were executed and
those that passed successfully were counted.

It is well known that a test may fail for two main reasons: either
due to a flaw in the test itself or because of an error in the code
being tested. However, this study did not investigate the cause of
the failures. The analysis focused solely on evaluating the model’s
ability to generate tests aligned with the expected behavior of the
source code. Therefore, test failures were interpreted as limitations
in the test generation process.

Finally, the associated costs were estimated using pricing infor-
mation published by the companies responsible for the models,
based on the average number of tokens used in the input and gener-
ated in the output. The number of tokens for both input and output
was retrieved from the model’s own response logs.

4.1 Experimental Design
The following section presents the experimental design. This ex-
periment aims to evaluate the effectiveness and cost-efficiency of
large language models (LLMs) in the automatic generation of unit
tests. To this end, a 4×3 factorial experimental design was adopted,
in which the evaluated factors are:

• Models (4 levels)
– Gemini 1.5 Flash
– Gemini 1.5 Pro
– ChatGPT 4o Mini
– ChatGPT 4o

• Inputs (3 levels)
– Input 1 – Simple prompt + source code
– Input 2 – Simple prompt + source code + docstring
– Input 3 – Detailed prompt + source code + docstring

The experiment was structured based on the hypothesis that the
level of prompt detail provided to LLMs directly impacts the quality
of the generated unit tests and the associated costs. It is expected
that more elaborate prompts result in more accurate tests, reflected
in higher code coverage and success rates, even if this may lead to
increased costs. The hypotheses and variables are defined below.

Hypotheses
• H1 – More detailed prompts produce tests with higher code
coverage and higher success rates.

• H2 – The cost of test generation increases proportionally
with the prompt size.

Variables

2https://pypi.org/project/coverage/
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• Independent Variables:
– LLM model
– Input type

• Dependent Variables:
– Line coverage
– Branch coverage
– Hit Rate
– Cost (in USD per 1 million tokens)

All 164 problems from the dataset were used in their original
form. No modifications or filters were applied. Unit tests were
generated automatically for each of the 12 possible combinations
(4 models × 3 input types).

5 Results
This section presents the results obtained from automated unit test
generation using LLM models. The results showed that the selected
LLMmodels are capable of generating tests with good code coverage
while achieving high hit rates. Furthermore, this process is carried
out quickly and at a relatively low cost, as detailed below.

The following sections present the results obtained for each of
the research questions mentioned above.

5.1 RQ1 - Are the models capable of generating
unit tests using only the source code?

As previously described, the first research question is related to the
ability of the selected models to generate unit tests. For this first
question, the simple prompt ("You are a helpful coding assistant
that responds only with Python code. Generate a test class that
tests the following code") was provided along with the source code,
similar to the example presented in Figure 2. This approach aimed
to assess the models’ ability to understand the code and generate
unit tests correctly based on a straightforward instruction and the
source code associated with the problem’s solution.

1 from typing import List
2 def has_close_elements(numbers: List[float], threshold:

float) -> bool:↩→

3 for idx, elem in enumerate(numbers):
4 for idx2, elem2 in enumerate(numbers):
5 if idx != idx2:
6 distance = abs(elem - elem2)
7 if distance < threshold:
8 return True
9 return False

Figure 2: Example source code sent along with the simple
prompt

Each of the solutions for the problems in the dataset was provided
as input to the five LLMmodels which are, Gemini 1.5 Flash, Gemini
1.5 Pro, ChatGPT 4o Mini, ChatGPT 4o and ChatGPT 3.5 Turbo.
The ChatGPT 3.5 Turbo model is a slightly older model, but due to
its relevance for having been used in several works [42] [52] [5]
[34] [28] [48] [32] [49] [19], it was included in this study.

After submitting all solution codes for the problems, the values
for the time taken by the model to generate the test class were

calculated, along with line coverage, branch coverage, hit rate, and
cost. These results are displayed in Table 1. The presented values
represent the averages obtained across all 164 problems.

Table 1: Results presented by LLM models when generating
unit tests using only source code as input

LLM Model Time Coverage Branch
Coverage

Hit
Rate

Total
Price

Gemini 1.5 Flash 2,83 98,48% 97,89% 74,47% $ 0,0131
Gemini 1.5 Pro 7,23 99,27% 98,95% 81,88% $ 0,4730
ChatGPT 4o Mini 5,20 98,97% 98,54% 72,61% $ 0,0284
ChatGPT 4o 6,83 98,29% 98,98% 83,31% $ 0,7307
ChatGPT 3.5 Turbo 2,98 96,03% 95,10% 52,90% –
HumanEval – 99,33% 99,06% 96,81% –

As shown in Table 1, line coverage valueswere close to 99%, while
branch coverage values were around 98% for all tested models. The
time taken by each model to generate a test for a given problem was
also analyzed. In this regard, the Gemini 1.5-Flash model stands out
for its efficiency, taking an average of 2.8 seconds to complete the
task. In contrast, the Gemini 1.5-Pro model takes approximately
7.2 seconds on average, which represents an increase of more than
250% in processing time.

The hit rate metric presented in the Table 1 represents the per-
centage of tests that passed successfully. It is observed that the
fastest model, Gemini 1.5-Flash, achieved a hit rate of 74.47%, while
ChatGPT 4o reached 83.31%, representing an improvement of nearly
12% in hit rate.

As discussed earlier, the ChatGPT 3.5-Turbo model was also
included in this analysis. However, its results were significantly
worse than those of the other models. Although it achieved results
close to 96% and 95% for the line coverage and branch coverage
metrics respectively and took about 2.98 seconds on average to
generate the answers, its hit rate was only 52.9%. This value is
approximately 20% lower than that of the second worst performing
model. This was the main reason why this model was not included
in the further analyses.

Additionally, the results obtained from the tests included in the
dataset itself were also considered in the evaluation. These results
are presented in the "HumanEval" row of Table 1. It is observed
that some models already achieve values close to the HumanEval
benchmarks in terms of line and branch coverage, but there is still
room for improvement in the hit rate.

The cost in dollars for generating unit tests for all the problems
in the dataset was also included. The Gemini models proved to be
more cost-effective, with an associated cost of about half that of
the GPT models. Section 5.4 provides a more detailed breakdown
of the costs involved in generating tests for this dataset. They were
included in this section primarily to help the reader better assess
the relationship between cost and hit rate.

5.2 RQ2 - Do the results improve when adding
the docstring to the source code?

A new stage of automated unit test generation was conducted. This
time, the source code of the solution was provided along with a
docstring describing the expected behavior of the method as input
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for the models. The Figure 3 presents an example of the input. The
text between lines 3 and 9 represents the docstring that was added.

1 from typing import List
2

3 """
4 Check if in given list of numbers, are any two numbers

closer to each other than given threshold.↩→

5 >>> has_close_elements([1.0, 2.0, 3.0], 0.5)
6 False
7 >>> has_close_elements([1.0, 2.8, 3.0, 4.0, 5.0, 2.0],

0.3)↩→

8 True
9 """
10 def has_close_elements(numbers: List[float], threshold:

float) -> bool:↩→

11 for idx, elem in enumerate(numbers):
12 for idx2, elem2 in enumerate(numbers):
13 if idx != idx2:
14 distance = abs(elem - elem2)
15 if distance < threshold:
16 return True
17 return False

Figure 3: Example source code with docstring

As observed above, line 4 contains a brief description of the
expected behavior of the following code, while lines 5 to 8 include
examples of method calls with their respective input values and
expected outputs. In addition to the code described above, the simple
prompt ("You are a helpful coding assistant that responds only
with Python code. Generate a test class that tests the following
code") was provided to guide the models regarding the task they
were expected to perform. The results obtained after requesting the
models to generate unit tests for all 164 problems are shown below
in Table 2.

Table 2: Results presented by LLM models when generating
unit tests using the simple prompt with source code and
docstring

LLM Model Time Coverage Branch
Coverage

Hit
Rate

Total
Price

Gemini 1.5 Flash 1,95 99,55% 99,31% 89,77% $ 0,0168
Gemini 1.5 Pro 10,67 99,42% 99,18% 90,69% $ 0,6220
ChatGPT 4o Mini 5,01 99,03% 98,77% 75,75% $ 0,0288
ChatGPT 4o 4,96 99,66% 99,45% 87,66% $ 0,7664
HumanEval – 99,33% 99,06% 96,81% –

From Table 2, it is possible to observe that the average time
required by Gemini 1.5 Pro to generate a unit test with this type of
input increased by approximately 3 seconds, whereas for Gemini
1.5 Flash, the time decreased by about 1 second. The code coverage
values also improved, getting even closer to 100%.

There was also a significant improvement in the hit rate, es-
pecially for the Gemini models, both 1.5 Pro and 1.5 Flash. The
hit rate for the 1.5 Pro model increased from 81.88% to 90.69%, an
improvement of nearly 11% (8.8 percentage points). The improve-
ment for the 1.5 Flash model was even greater, with an increase of

approximately 15.3 percentage points, rising from 74.47% to 89.77%
simply by adding the docstring in the code.

Regarding costs, it was observed that the value remained almost
unchanged, with a slight increase for the more expensive mod-
els (Gemini 1.5 Pro and ChatGPT 4o). This is due to the fact that
the number of tokens added to the input prompts was small, as
illustrated in Figure 3.

5.3 RQ3 - Do the results improve when using a
prompt that provides detailed instructions?

For this research question, a prompt was developed using some
prompt engineering strategies to achieve even better results. The
proposed prompt was structured as follows. First, a persona is de-
fined, specifying the role or function that the model should assume.
Next, the objectives are outlined, explaining what needs to be done,
how it should be done, and what is expected at the end of the
process.

After defining the objectives, a step-by-step guide is provided,
detailing the sequence of actions the model should follow to achieve
the proposed goals. To assist the model in performing the task, an
example of source code is included along with a unit test that
verifies whether the code functions correctly. Both the code and
the unit test serve as references to be followed.

At the end, additional instructions are given to help the model
generate more precise responses. Finally, the source code for which
the LLM should generate a unit test is provided, similar to the one
used in RQ2. The results can be seen in Table 3.

Table 3: Results presented by LLM models when generating
unit tests using a detailed prompt as input

LLM Model Time Coverage Branch
Coverage

Hit
Rate

Total
Price

Gemini 1.5 Flash 2,36 99,85% 99,75% 87,55% $ 0,0266
Gemini 1.5 Pro 12,08 99,65% 99,52% 89,04% $ 1,0466
ChatGPT 4o Mini 4,11 99,83% 99,75% 87,03% $ 0,0463
ChatGPT 4o 6,14 99,59% 99,43% 89,15% $ 1,3082
HumanEval – 99,33% 99,06% 96,81% –

With the use of the detailed prompt, the results for the hit rate
metric across all models ranged between 87% and 90%. When com-
pared to the results obtained using the simple prompt combined
with the source code (RQ1), this represents a considerable improve-
ment, given that in the latter case, the hit rate values started as low
as 72%.

Another noteworthy finding was the slight decrease in hit rates
for the Gemini models, both 1.5-pro and 1.5-flash. Since the decrease
was small, around 2%, several factors can be taken into considera-
tion. Factors such as response time or the type of prompt used may
have negatively impacted these models.

Even though the models do not have a time restriction for re-
sponding, the Gemini 1.5-flash model continued to generate re-
sponses in about 2 seconds, even when the input size nearly tripled.
This fast response time may have negatively impacted its ability to
analyze and follow the instructions provided in the detailed prompt.

As for the type of prompt, it is possible that this style is not the
most suitable for use with Gemini models, and that more concise
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prompts with direct instructions could yield better results. However,
further studies will be conducted to determine the exact cause of
these outcomes.

On the other hand, for the ChatGPT 4o and 4o-mini models,
two key points stand out. First, the 4o model showed a slight im-
provement of around 2%, increasing its hit rate from 87.66% to
89.15%.

The second point to note is that the 4o mini model showed a sig-
nificant improvement after applying this type of prompt, increasing
its hit rate from 75.75% to 87.03%, an improvement of 11.28 percent-
age points. This brings it much closer to the results achieved by the
more expensive model, ChatGPT 4o.

At the end of this stage, it can be concluded that applying the
detailed prompt did not lead to a significant improvement in the
results of models that already had high hit rates. However, it signif-
icantly helped simpler and more affordable models achieve better
results, making them much more competitive and financially at-
tractive.

5.4 RQ4 - Which Model Offers the Best
Cost-Benefit Ratio for Unit Test Generation?

Finally, an analysis was conducted regarding the pricing for using
each model. However, before presenting the costs, it is important to
highlight that the values shown refer to one million tokens. A token
is a common unit of measurement in natural language processing,
representing a word, part of a word, or a character [15]. Therefore,
with each request made to an LLM, both the tokens in the input
and the tokens in the generated response are counted, determining
the final cost.

In terms of cost, Gemini stands out by offering models that are
free for users. Both the 1.5-Pro and 1.5-Flash models can be used
without cost. However, free usage comes with some restrictions.
The 1.5-Flash model allows up to 15 requests per minute, with a
limit of 1 million tokens per minute and 1,500 requests per day. The
1.5-Pro model permits up to 2 requests per minute, with a limit of
32,000 tokens and 50 requests per day. On the other hand, OpenAI
does not offer a free option for users. Table 4 presents the cost per
million tokens for each model.

Table 4: LLM Model Usage Prices

LLM Model Input Output
Gemini 1.5 Flash $ 0,075 $ 0,30
Gemini 1.5 Pro $ 3,50 $ 10,50
ChatGPT 4o Mini $ 0,15 $ 0,60
ChatGPT 4o $ 5,00 $ 15,00

When analyzing Table 4, it becomes clear that the costs associ-
ated with using the ChatGPT 4o-mini and Gemini 1.5 Flash models
are significantly lower than those of the ChatGPT 4o and Gemini
1.5-Pro models. This makes ChatGPT 4o-mini and Gemini 1.5 Flash
much more cost-effective, making them ideal for simpler tasks,
given that their accuracy is slightly lower than that of ChatGPT 4o
and Gemini 1.5-Pro, as shown in the previous sections.

Next, an analysis was conducted on the costs involved in gen-
erating unit tests for the three proposed scenarios: simple prompt,

simple prompt with docstring, and detailed prompt. Tables 5, 6, and
7 present these costs.

Table 5: Costs associated with generating unit tests using
simple prompt as input

LLM Model Input
Tokens

Input
Price

Output
Tokens

Output
Price

Total
Price

Gemini 1.5 Flash 17316 $ 0,0013 39279 $ 0,0118 $ 0,0131
Gemini 1.5 Pro 17316 $ 0,0606 36559 $ 0,3838 $ 0,4444
ChatGPT 4o Mini 16914 $ 0,0025 43073 $ 0,0258 $ 0,0284
ChatGPT 4o 16914 $ 0,0846 49247 $ 0,7387 $ 0,8233

Table 6: Costs associated with generating unit tests using the
simple prompt with source code and docstring as input

LLM Model Input
Tokens

Input
Price

Output
Tokens

Output
Price

Total
Price

Gemini 1.5 Flash 39302 $ 0,0029 46141 $ 0,0138 $ 0,0168
Gemini 1.5 Pro 39302 $ 0,1376 49922 $ 0,5241 $ 0,6617
ChatGPT 4o Mini 36999 $ 0,0055 38763 $ 0,0233 $ 0,0288
ChatGPT 4o 36999 $ 0,1850 35028 $ 0,5254 $ 0,7104

Table 7: Costs associated with generating unit tests using the
detaleid prompt as input

LLM Model Input
Tokens

Input
Price

Output
Tokens

Output
Price

Total
Price

Gemini 1.5 Flash 132724 $ 0,0100 55439 $ 0,0166 $ 0,0266
Gemini 1.5 Pro 132724 $ 0,4645 68655 $ 0,7208 $ 1,1853
ChatGPT 4o Mini 120520 $ 0,0181 47042 $ 0,0282 $ 0,0463
ChatGPT 4o 120520 $ 0,6026 53963 $ 0,8094 $ 1,4120

To calculate the costs associated with the activity of unit test gen-
eration by the models for the HumanEval dataset, it was necessary
to account for the number of tokens identified in both the input
(task request) and the output (model response). This distinction was
essential because input and output tokens are priced differently.

As shown in Tables 5, 6, and 7, there are significant cost variations
between models, especially when considering the different types of
inputs provided. Notably, the Gemini 1.5 Flash model demonstrated
the best cost-benefit performance, consistently achieving the lowest
absolute cost across all three scenarios proposed in this study, even
when using the most detailed prompt.

On the other hand, the ChatGPT 4o model exhibited the highest
costs, particularly in the scenario involving the detailed prompt,
reaching a total of $1.41 to generate tests for all problems in the
dataset. Although this model also achieved high hit rates, its ele-
vated cost compared to more affordable alternatives makes it a less
viable option in budget-constrained contexts.

The cost gap between the lighter models (Gemini 1.5 Flash and
ChatGPT 4o Mini) and the more robust ones (Gemini 1.5 Pro and
ChatGPT 4o) was also significant, despite using the same number of
input tokens. This reinforces the notion that pricing differences be-
tween models have a substantial impact on the economic feasibility
of large-scale usage.
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Additionally, using the detailed prompt increased the average
number of tokens per request, thereby raising total costs. However,
this increase proved to be proportionally more advantageous for
the cheaper models, such as Gemini 1.5 Flash and ChatGPT 4o Mini,
where the additional cost was offset by a significant improvement
in accuracy, as discussed in previous sections.

This analysis shows that, when considering cost alone, the Gem-
ini 1.5 Flash model emerges as the most economical option, whereas
larger models like GPT-4o, though effective, require a higher in-
vestment that may not be justifiable depending on the intended use
case.

It is also important to clarify that, since models from the same
family (e.g., Gemini or ChatGPT) use the same algorithm for token
counting, the number of tokens processed was measured only for
the less expensive models and then replicated for their more expen-
sive counterparts. As a result, the input token counts for Gemini
1.5 Flash and Gemini 1.5 Pro are identical, as are those for ChatGPT
4o Mini and ChatGPT 4o. This equivalence does not hold for the
output, as each model generated different test code, resulting in
varying token counts.

Another factor that contributed to cost reduction was the re-
striction applied to all prompts, instructing the models to respond
exclusively with Python code and omit additional explanations.
This constraint had a direct impact on reducing the number of to-
kens in the output, as the textual descriptions typically included in
model responses were suppressed. Since the objective of this study
was to evaluate the effectiveness of the generated tests rather than
textual justification, this choice enabled tighter control over the
volume of processed data and the associated costs.

5.5 Statistical Analysis
In this section, the statistical procedures adopted for analyzing the
collected data are described. Initially, the sample and variables were
characterized using measures of central tendency (such as mean
and median) and dispersion (standard deviation). This was done
to identify possible patterns, deviations, or inconsistencies and,
thus, gain an overview of the data in order to determine the most
appropriate statistical test.

Given that the data may not follow a normal distribution, the
Kruskal-Wallis H-test, a non-parametric test, was employed. This
test is suitable for comparing three or more independent groups.
The test was performed for the main effect of LLM Model, the main
effect of Input Type, and the combined effect of LLM Model and
Input Type (by creating a Treatment variable). Below are the results
for each of the metrics (time, line coverage, branch coverage, and
hit rate).

Analysis for Metric: Time

• Kruskal-Wallis H-test for LLMModel (Main Effect): H-statistic
= 1267.580, p-value = 0.000. There is a statistically signifi-
cant difference in Execution Time among the different LLM
models.

• Kruskal-Wallis H-test for Input Type (Main Effect): H-statistic
= 9.192, p-value = 0.010. There is a statistically significant
difference in Execution Time among the Input Types.

• Kruskal-Wallis H-test for Combined Treatment (LLM model
x Input Type): H-statistic = 1357.212, p-value = 0.000. There is

a statistically significant difference in Execution Time among
the combined LLM model x Input treatments.

Analysis for Metric: Line Coverage

• Kruskal-Wallis H-test for LLMModel (Main Effect): H-statistic
= 0.278, p-value = 0.964. There is no statistically significant
difference in Line Coverage among the LLM Models.

• Kruskal-Wallis H-test for Input Type (Main Effect): H-statistic
= 8.746, p-value = 0.013. There is a statistically significant
difference in Line Coverage among the Input Types.

• Kruskal-Wallis H-test for Combined Treatment (LLM Model
x Input Type): H-statistic = 11.316, p-value = 0.417. There is
no statistically significant difference in Line Coverage among
the combined LLM Model x Input treatments.

Analysis for Metric: Branch Coverage

• Kruskal-Wallis H-test for LLMModel (Main Effect): H-statistic
= 0.445, p-value = 0.931. There is no statistically significant
difference in Branch Coverage among the LLM Models.

• Kruskal-Wallis H-test for Input Type (Main Effect): H-statistic
= 6.963, p-value = 0.031. There is a statistically significant
difference in Branch Coverage among the Input Types.

• Kruskal-Wallis H-test for Combined Treatment (LLM Model
x Input Type): H-statistic = 10.116, p-value = 0.520. There
is no statistically significant difference in Branch Coverage
among the combined LLM Model x Input treatments.

Analysis for Metric: Hit Rate

• Kruskal-Wallis H-test for LLMModel (Main Effect): H-statistic
= 22.177, p-value = 0.000. There is a statistically significant
difference in Hit Rate among the LLM Models.

• Kruskal-Wallis H-test for Input Type (Main Effect): H-statistic
= 44.136, p-value = 0.000. There is a statistically significant
difference in Hit Rate among the Input Types.

• Kruskal-Wallis H-test for Combined Treatment (LLM Model
x Input Type): H-statistic = 83.732, p-value = 0.000. There is
a statistically significant difference in Hit Rate among the
combined LLM Model x Input treatments.

The results indicate that both the LLM model and the Input Type
(as well as their combinations) have a statistically significant impact
on execution time. Visually, Gemini 1.5 Flash consistently shows
the lowest execution times across different input types.

For the coveragemetrics (line and branch), the LLMmodels them-
selves did not show statistically significant differences. However,
the Input Type had a significant impact on both Line Coverage and
Branch Coverage. This suggests that the way the data is provided
(e.g., source code, source code + docstring, detailed prompt) is more
relevant to the coverage achieved than the specific LLM model
used among those tested. Based on descriptive statistics, "source
code + docstring" and "detailed prompt" generally lead to higher
average/median coverage.

Finally, the hit rate metric also showed statistically significant
differences regarding the LLM model used, the Input Type, and
their combinations.

From this statistical analysis, it is concluded that no single LLM
model is ideal across all metrics. For instance, one model may be
faster but have higher costs or slightly lower coverage.
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6 Limitations and Threats to Validity
Despite the contributions of this study, there are some limitations
that will be addressed in future work. This section presents the limi-
tations and threats to validity identified in this work, organized into
four dimensions: internal validity, external validity, construct valid-
ity, and conclusion validity, in line with Kitchenham’s guidelines
[29].

Regarding internal validity, the evaluated models were designed
for general-purpose applications, meaning they were not specifi-
cally trained for code-related tasks. While this reflects a realistic use
of publicly available tools, it may limit the accuracy of the results.
It is likely that models such as Codex, which were designed with
a programming focus, could achieve better performance in this
context. In future work, techniques such as fine-tuning [37] [25]
will be explored to enhance model specialization.

Another potential threat to the internal validity of this study is
data leakage, which occurs when the examples used in the experi-
ments are partially or entirely included in the training data of the
evaluated language models. This may happen because the dataset
was published in 2020 or due to its widespread use in other studies.

With respect to external validity, this study focused on four LLMs
developed by two different companies. These models were selected
due to their relative novelty and the fact that they have not yet
been extensively studied. Although GPT-based models have been
widely analyzed in the literature, recent versions such as GPT-4o
and GPT-4o-mini are not yet frequently explored. However, other
models, such as those from Anthropic and the LLaMA family, could
also have been included to broaden the analysis.

Also related to external validity, the experiment was conducted
exclusively with the Python programming language. Although
Python is widely adopted in both academia and industry, the results
cannot be generalized to other programming languages, such as
Java, C++, or JavaScript, which differ in syntax and semantics.

Regarding construct validity, it is worth noting that the selected
dataset effectively served the purpose of this study, which was to
compare model efficiency, particularly in terms of hit rate and cost.
However, it is composed of relatively simple problems. For a more
comprehensive analysis, it would be necessary to employ datasets
with more complex problems or even real-world software projects
available in public repositories such as GitHub.

Another point to note concerning construct validity is that in real-
world projects, the process of automatically generating unit tests
presents additional challenges, such as inter-module dependencies
and the need for mock objects. Since the dataset used contains only
low-complexity problems, these challenges were not addressed in
this study.

Finally, with respect to conclusion validity, only functional met-
rics were used in this study, such as line coverage, branch coverage,
and hit rate. Important aspects such as readability, maintainability,
and complexity of the generated tests were not considered. These
elements are essential for assessing the practical utility of tests
in real-world development environments and will be addressed in
future research.

7 Conclusion
This study conducted a detailed analysis of the effectiveness of
various LLM models from Google and OpenAI in the automatic
generation of unit tests. Models ranging from the simplest to the
most advanced from these companies were evaluated based on their
ability to generate unit tests from the source code in the HumanEval
dataset. The generated tests were assessed using the criteria of line
coverage, branch coverage, hit rate, and cost.

The tests were generated using three different types of input.
Initially, only the source code of the method to be tested was pro-
vided. In the second phase, the input included both the source code
and a docstring. Finally, a detailed prompt outlining the steps the
models should follow to perform the task was provided as input.

The results showed that all LLM models generate high-quality
unit tests, with line and branch coverage rates close to 100%. How-
ever, hit rates vary depending on the model used and the type
of input provided. These rates range from 72.61% for the GPT-4o-
mini model when given only the method’s source code as input
to 90.69% for the Gemini 1.5-pro model when provided with the
source code along with comments. This is a value very close to
the hit rate achieved by the tests contained in the dataset, which
reached 96.81%.

The costs involved also vary depending on the model used and
the type of input provided. The highest cost recorded was for the
GPT-4o model, which required $1.3082 to generate tests for all
problems in the dataset when given the detailed prompt as input,
achieving a hit rate of 89.15%. However, it is possible to obtain
better results at a lower cost. For instance, the Gemini 1.5-flash
model achieved a hit rate of 89.77% at a cost of just $0.0168.
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