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ABSTRACT
Unit testing, essential for identifying bugs, is often neglected due
to time constraints. Automated test generation tools exist but typ-
ically lack readability and require developer intervention. Large
Language Models (LLMs) like GPT and Mistral show potential in
test generation, but their effectiveness remains unclear.

This study evaluates four LLMs and five prompt engineering
techniques, analyzing 216 300 tests for 690 Java classes from diverse
datasets. We assess correctness, readability, coverage, and bug de-
tection, comparing LLM-generated tests to EvoSuite. While LLMs
show promise, improvements in correctness are needed. The study
highlights both the strengths and limitations of LLMs, offering
insights for future research.
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1 INTRODUCTION
Unit testing ensures code functions correctly, catching bugs early
and maintaining quality. However, manual test creation is time-
consuming and often neglected. Automated tools like EvoSuite
assist but produce tests that lack readability and need manual in-
tervention, reducing their effectiveness.

Large LanguageModels (LLMs) like GPT andMistral have shown
promise in automating test generation, producing correct and read-
able tests. However, questions remain about their true effectiveness
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in generating comprehensive tests that detect real-world bugs and
how different prompting techniques influence their performance.

The main goal of this research is to evaluate how effective LLMs
are at generating unit tests suite, focusing on how prompt engi-
neering techniques impact performance. The study assesses LLM-
generated tests in terms of correctness, readability, coverage, and
bug detection, comparing them with traditional tools like EvoSuite.

This study undertakes a large-scale evaluation of four advanced
LLMs (GPT-3.5 [12], GPT-4 [1], Mistral 7B [8], and Mixtral 8x7B [9]
and five distinct prompt engineering techniques namely Zero-shot
learning (ZSL), Few-shot learning (FSL), Chain-of-Thought(CoT),
Tree-of-Thoughts (ToT), and Guided Tree-of-Thoughts (GToT) a
hybrid approach that combines the structured exploration of ToT
with additional guidance from CoT to focus on relevant reasoning
paths. By analyzing 216 300 tests generated for 690 Java classes
from diverse datasets, this research provides the first comprehen-
sive comparison between LLM-generated tests and those produced
by traditional tools like EvoSuite. The findings reveal both the
strengths and limitations of LLMs in this domain, offering critical
insights into their potential to transform software testing practices.

2 OVERVIEW OF APPROACH
2.1 Usage Scenario
In a Java project, a developer uses an LLM to automate unit test
creation for a key class. By providing the class’s source code and
a prompt, the LLM generates a suite of tests covering all methods,
including edge cases, enhancing software reliability. For instance,
the developer can prompt the LLM to generate a comprehensive
JUnit 4 test file for the class 1.

2.2 Technical Overview
In this study (Figure 1), we evaluated four prominent LLMs: GPT-
3.5, GPT-4, Mistral 7B, and Mixtral 8x7B—using prompt engineering
techniques like Zero-shot learning [16], Few-shot [15], CoT [18],
ToT [19], and GToT. The evaluation utilized three datasets: SF110 [6],
a benchmark with 110 Java projects; Defects4J [10], containing real-
world bugs from open-source projects; and a Custom Dataset with
Java classes and bugs from recent projects. This dataset focused
on well-maintained projects from the OceanBase Developer Center
(ODC) [11] and Conductor OSS [4].
1https://chatgpt.com/share/99d6468e-98ed-40b1-9b14-17bb9c239f9c
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Figure 1: Overview of the pipeline used to design the experiments.

3 EXPERIMENTAL SETUP AND RESULTS
3.1 Experimental Setup
To address the research questions, we conducted evaluations us-
ing three datasets: SF110, Defects4J, and a Custom Mini Dataset
(CMD). We utilized several tools, including EvoSuite [5] with its
DynaMOSA [13] algorithm for maximizing coverage, SpotBugs [17]
for detecting bugs and suboptimal coding practices, JaCoCo [7] for
measuring code coverage, and Checkstyle [3] for ensuring adher-
ence to coding standards (Sun Code Conventions and Google Java
Style). PMD [14] was used to assess the cognitive and cyclomatic
complexity of the test suites, while Javalang [2] verified syntactical
correctness. Each experiment was repeated 30 times to account for
randomness in LLM outputs and EvoSuite’s algorithms.

3.2 Experimental Results
RQ1:Howdoes prompt engineering influence the correctness
and compilability of generated test suites? The study found
that prompt engineering greatly affects the correctness and com-
pilability of LLM-generated test suites. Guided Tree-of-Thoughts
(GToT) had the highest rate of correct and compilable tests, while
Zero-shot Learning (ZSL) performed lower. Structured prompts
consistently improved test correctness across all LLMs.
RQ2: How do LLM-generated test suites compare to those
produced by EvoSuite in terms of code coverage? EvoSuite
typically achieved higher line and method coverage, but LLMs us-
ing Chain-of-Thought (CoT) and GToT approaches matched or ex-
ceeded EvoSuite’s coverage in some cases, especially on the Custom
Mini Dataset. While EvoSuite remains a strong baseline, LLMs show
promise in generating effective test suites with proper prompts.
RQ3: What is the effectiveness of LLM-generated tests in de-
tecting bugs? LLM-generated tests varied in bug detection across
datasets and prompts. On Defects4J, CoT and GToT prompts de-
tected many bugs, occasionally surpassing EvoSuite. However, de-
tection rates were lower on the CMD, suggesting LLMs struggle
with more complex or unfamiliar code. Nevertheless, with proper
prompts, LLMs can complement tools like EvoSuite in bug detec-
tion.

4 CONCLUSION
Our study shows that prompt design significantly impacts LLM-
generated unit tests, with Chain-of-Thought and Guided Tree-of-
Thought prompts yielding the best results. While LLMs face correct-
ness challenges, they produce readable, human-like code and per-
form well in bug detection, especially on familiar datasets. Though

EvoSuite generally achieves higher coverage, LLMs, when well-
prompted, can complement traditional tools. Further research is
needed to improve LLM performance on complex or unfamiliar
codebases.
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