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Abstract

The quality of software is closely tied to the effectiveness of the tests it undergoes. Manual test
writing, though crucial for bug detection, is time-consuming, which has driven significant
research into automated test case generation. However, current methods often struggle to
generate relevant inputs, limiting the effectiveness of the tests produced. To address this, we
introduce BRMINER, a novel approach that leverages Large Language Models (LLMs) in
combination with traditional techniques to extract relevant inputs from bug reports, thereby
enhancing automated test generation tools. In this study, we evaluate BRMINER using the
Defects4] benchmark and test generation tools such as EvoSuite and Randoop. Our results
demonstrate that BRMINER achieves a Relevant Input Rate (RIR) of 60.03% and a Relevant
Input Extraction Accuracy Rate (RIEAR) of 31.71%, significantly outperforming methods
that rely on LLMs alone. The integration of BRMiner’s input enhances EvoSuite ability
to generate more effective test, leading to increased code coverage, with gains observed
in branch, instruction, method, and line coverage across multiple projects. Furthermore,
BRMINER facilitated the detection of 58 unique bugs, including those that were missed by
traditional baseline approaches. Overall, BRMINER’s combination of LLM filtering with
traditional input extraction techniques significantly improves the relevance and effectiveness
of automated test generation, advancing the detection of bugs and enhancing code coverage,
thereby contributing to higher-quality software development.

Keywords Bug reports - Automated test generation - Test inputs -
Search-based software testing - Bug detection - Large language models

1 Introduction

Software testing is as old as the software industry. It requires test suites, which are often
incomplete since developer-provided test cases are typically non-exhaustive as they are not
systematically produced in most projects for the whole code (Kochhar et al. 2015, 2013b, a).
Thus, automated software test generation has early attracted significant attention in the
research and practice communities due to its numerous potential benefits, including the
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reduction of manual effort and the increase of test coverage (Toffola et al. 2017). To that end,
a large body of literature has proposed several techniques for the automatic generation of
test inputs, including Search-Based Software Testing (SBST) (Harman and McMinn 2010(,
feedback-directed random test generation (Pacheco et al. 2007; Artzi et al. 2011; Pradel and
Gross 2012), Dynamic Symbolic Execution (DSE) (King 1976; Godefroid et al. 2005; Xie
et al. 2005; Majumdar and Xu 2007; Cadar and Sen 2013), and concolic execution (Sen et al.
2005; Cadar et al. 2008; Sen and Agha 2006). While the tools based on those techniques
have shown effectiveness, they often face limitations that hinder their adoption in real-world
projects.

For example, while prior research has underscored the efficacy of Search-Based Software
Testing (SBST) techniques in attaining notable code coverage (Panichella et al. 2015, 2017),
Perera et al. (2020) argue that high code coverage alone does not guarantee the optimal
detection of bugs. In line with this, Shamshiri et al. (2015) and Almasi et al. (2017) assessed
the performance of EvoSuite (Fraser and Arcuri 2011), a leading SBST tool, against alter-
native test generation methods and tools like Randoop (Pacheco et al. 2007), focusing on
open-source and proprietary software projects, respectively. Their findings suggest a supe-
rior performance by EvoSuite over its counterparts, but also demonstrate that it falls short
in effectively detecting genuine bugs. Notably, EvoSuite could identify only about 23% of
bugs from the Defects4J dataset (Just et al. 2014), even when the testing criterion was set at
100% branch coverage.

One of the main reasons behind this limitation is that these generators primarily rely
on either randomly-generated inputs or inputs from a fixed pool, which may not match the
project specifications (Toffola et al. 2017). Additionally, test generators tend to focus on the
source code and its dynamic execution, generating less natural and readable values (Shelke
and Nagpure 2014).

To address these challenges, researchers have proposed various approaches: Some
have leveraged test corpora (Toffola et al. 2017), while others have explored web search
queries (Shelke and Nagpure 2014; McMinn et al. 2012; Shahbaz et al. 2012), user session
data (Elbaum et al. 2003), web services (Bozkurt and Harman 2011), or the web of data (Mar-
iani et al. 2014) to generate realistic test inputs. Regarding mobile application testing, Liu
etal. (2017) leveraged the Google news corpus. In Milani Fard et al. (2014), researchers lever-
aged existing tests to automate test generation for web applications. Nevertheless, despite the
existence of these approaches, the potential of bug reports as a valuable source of relevant
inputs, including strings for test data generation, remains largely untapped.

Researchers have previously explored extracting test cases from bug reports, such as
analyzing multicore dumps to facilitate concurrency bug reproduction (Weeratunge et al.
2010), reproducing system-level concurrency failures (Yu et al. 2017), translating bug reports
into test cases for mobile apps (Fazzini et al. 2018), and enriching compiler testing with
real programs from bug reports (Zhong 2022). Our work builds on these foundations by
introducing a new angle: we propose BRMINER, a technique that mines literal inputs from
bug reports to improve the relevance and effectiveness of automated test case generation.

Unlike previous studies, which often focus on generating test cases as a whole, our
approach emphasizes the extraction of specific input values from bug reports, which are
crucial for enhancing test coverage and bug detection capabilities. Furthermore, to address
the complexity and ambiguity often present in bug reports, BRMINER incorporates a filter-
ing mechanism using a Large Language Model (LLM), specifically GPT-3.5-turbo'. This
LLM component is capable of understanding the semantic nuances of bug reports, allowing

1 https://platform.openai.com/docs/models/gpt-3-5-turbo/[accessed 2024-05-21]
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it to refine the extracted literals and improve their relevance for triggering bugs during test
execution (Fan et al. 2023; Wang et al. 2024).

Additionally, BRMINER integrates seamlessly with the EvoSuite test case generation tool,
allowing for the direct incorporation of these LLM-refined literals into automatically gener-
ated test cases. This integration not only enhances the traditional test generation process by
ensuring more contextually relevant inputs but also addresses challenges in test oracle gener-
ation by increasing the likelihood that the generated test cases will expose latent defects (Liu
et al. 2024).

This paper Bug reports offer a diverse range of example inputs which remain largely
untapped in the extraction of inputs for automatic test case generation. Leveraging bug reports
for this purpose offers two significant advantages. Firstly, they provide a wealth of valid inputs
for various string types, enhancing test coverage and bug detection. Secondly, bug reports
typically contain human-readable inputs, which prove invaluable when manual confirmation
is necessary due to the absence of an automated oracle.

In this study, we propose a simple, yet effective approach for automatically extracting real
testinputs from bug reports, aimed at addressing the problem of automatic test case generation
containing relevant test inputs. Our approach involves exploring bug reports to identify and
extract relevant inputs found in bug reports. We developed a tool called BRMINER that enables
us to automatically extract these relevant inputs, both qualitatively and quantitatively. To
further enhance the effectiveness of the extracted inputs, we integrate a filtering step using
GPT-3.5-turbo, an LLM capable of understanding the semantic context of bug reports and
refining the inputs accordingly (Tsigkanos et al. 2023; Yang et al. 2023).

To generate test cases incorporating these inputs, we modified the source code of Evo-
Suite (Fraser and Arcuri 2011), a widely known search-based test suite generator tool used
for automatic test case generation. Additionally, we extended our evaluation by incorpo-
rating Randoop (Pacheco et al. 2007), a feedback-directed random testing tool, to compare
the effectiveness of test cases generated with BRMINER’s extracted inputs. To evaluate our
generated test cases, we use the Defects4] benchmark (Just et al. 2014).

The main contributions of this paper are as follows:

1. We present BRMINER, an automatic test input extraction approach. This approach offers
several advantages, such as the ability to efficiently extract realistic test inputs for testing
projects with semantic information, and the improvement of the efficiency of automatic
test case generation for inputs that cannot be effectively generated randomly.

2. We showcase findings from practical case studies conducted on Defects4] projects. These
were designed to assess the efficacy of our methodology in generating test cases based on
bug reports, in contrast to the baseline approach of EvoSuite and Randoop which operate
without external inputs.

3. We emphasize the significance of integrating external inputs into EvoSuite and Randoop,
particularly inputs extracted from bug reports. For EvoSuite, we modified its source code
to enable the use of external inputs, as it does not support this feature by default. In
contrast, Randoop inherently supports external input files, so we directly fed it with the
extracted inputs. These inputs offer crucial context, bolstering the performance of both
tools, particularly when used in conjunction with Dynamic Symbolic Execution (DSE)
for EvoSuite.

4. We demonstrate the effectiveness of our approach by showcasing the finding of valid,
well-formed inputs from bug reports, resulting in improved bug detection and enhanced
test coverage for a program’s source code. To foster further research in this area, we have
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publicly shared the implementation of our approach and all relevant experimental data
in an anonymous repository. The repository is accessible via the following link:

https://anonymous.4open.science/r/BRMiner-C853/

The rest of this paper is organized as follows. Section 4 presents our approach for rele-
vant input extraction from bug reports. Section 5 provides an overview of our experimental
setup, including implementation details, evaluation of technical challenges, and presentation
of results (Section 6). Section 7 discusses existing research on test input extraction and gen-
eration in the field of automatic test generation, along with the limitations of our approach
and future research directions. Finally, Section 8 summarizes the paper, draws conclusions,
and mentions future work.

2 Background

This section presents the foundational concepts and methodologies that support our approach,
including Dynamic Symbolic Execution (DSE), EvoSuite, LLM-based test input generation,
and prompt engineering techniques.

2.1 DSE and EvoSuite

Dynamic Symbolic Execution (DSE) is among the widely adopted techniques for automated
test case generation (Valle-Gomez et al. 2022). This method simultaneously explores multiple
paths of the source code using symbolic values in place of concrete ones. Employing a
symbolic execution engine enables efficient control over the paths traversed within the source
code (Baldoni et al. 2018). Its applications include the automated generation of unit tests and
the identification of actual defects or memory overflows (Cadar and Sen 2013).

While Search-based testing excels at formulating unit test suites for object-oriented code, it
occasionally falters in producing specific values for intricate code parts. In contrast, Dynamic
Symbolic Execution (DSE) shines in creating these precise values but finds complexity when
faced with data types necessitating a chain of calls. Galeotti et al. (2013) paved the way
for a combined technique, leveraging the advantages of both methods. They refined the
Genetic Algorithm (GA) within EvoSuite to smoothly incorporate DSE and, guided by search
feedback, determined the optimal moments to employ DSE. This modification led to a jump
in average branch coverage. Furthermore, when compared to standalone DSE tools, EvoSuite
combined with DSE proved superior in achieving coverage. Empirical analyses underscored
the practical advantages of integrating SBST and DSE, with negligible downsides.

In subsequent research, Galeotti et al. (2014) highlighted that this fusion not only augments
coverage and effectiveness but also upholds SBST’s flexibility in tailoring test suites for
various metrics and non-functional factors. Crucially, this approach ensures that all test cases
correspond to legitimate object conditions. As a testament to its capabilities, EvosuiteDSE
made a notable debut at the ninth unit testing competition during SBST 2021, registering a
commendable score of 47.14.

2.2 LLM-based Test Input Generation

LLMs have recently gained traction in the field of software testing, particularly in generating
or refining test inputs that are both contextually relevant and semantically aligned with the
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software under test (Fan et al. 2023; Wang et al. 2024). These models, built primarily on
the Transformer architecture (Vaswani et al. 2017), are trained on vast corpora of text and
code using techniques such as Masked Language Modeling and Causal Language Model-
ing (Shanahan 2024; Naveed et al. 2023). The resulting models, including BERT (Devlin
et al. 2018), GPT (Brown et al. 2020; Yenduri et al. 2024), and T5 (Raffel et al. 2020),
have been enhanced with methods like Reinforcement Learning from Human Feedback
(RLHF) (Ziegler et al. 2019; Bai et al. 2022), which improves their alignment with human
intent.

In the context of test input generation, LLMs have demonstrated significant potential in
generating diverse and realistic inputs (Liu et al. 2024; Yang et al. 2023). These models
can analyze natural language descriptions, such as bug reports or user stories, to extract
meaningful inputs that can be used to trigger specific software behaviors (Tsigkanos et al.
2023). By leveraging the extensive knowledge embedded in LLMs, these inputs are not only
syntactically correct but also semantically relevant, thereby improving the effectiveness of
test cases in uncovering bugs.

Recent advancements in the field have seen LLMs being integrated with traditional testing
tools to enhance the coverage and precision of generated test cases. For instance, in the
BRMINER approach, an LLM like GPT-3.5-turbo is leveraged to refine extracted inputs from
bug reports, ensuring that they are contextually appropriate and likely to trigger relevant
software faults. This refinement process is crucial for improving the overall quality of the
test cases and increasing the likelihood of exposing latent defects that might be missed by
conventional test generation methods.

2.3 Prompt Engineering

Prompt engineering involves creating prompts that enable LLMs to effectively address spe-
cific tasks (Amatriain 2024; Siddiq et al. 2024a; Vogelsang and Fischbach 2024; Naveed
et al. 2023). This technique is particularly valuable in complex problem-solving scenarios
where a single line of reasoning might not be sufficient (Amatriain 2024; Kojima et al. 2022;
Wei et al. 2022; Reynolds and McDonell 2021). By guiding LLMs to consider multiple pos-
sibilities before reaching a conclusion, prompt engineering allows these models to adopt a
more human-like approach to reasoning.

Prompt engineering is a rapidly evolving field that focuses on crafting prompts to guide
LLMs in generating desired outputs, ranging from broad descriptions to detailed specifi-
cations. The importance of prompt engineering is twofold: firstly, highly specific prompts
yield precise responses, while more general prompts may produce less relevant outputs (Si
et al. 2022). Secondly, by carefully adjusting the instructions within prompts, it is possible
to control the output format of LLMs, thereby minimizing the need for post-processing and
improving the performance evaluation (Macedo et al. 2024).

Various studies (Fan et al. 2023; Wang et al. 2024) have leveraged LLMs and prompt
engineering for automated software engineering tasks, traditionally employing approaches
such as Zero-shot (Kojima et al. 2022) and Few-shot learning (Brown et al. 2020). However,
recent advancements have broadened the scope of prompt engineering to include more sophis-
ticated techniques such as Chain-of-Thought (Wei et al. 2022) and Tree-of-Thoughts (Yao
et al. 2024; Long 2023).

Zero-shot learning enables models to generalize to new tasks without specific examples but
may falter with complex tasks (Sahoo et al. 2024; Kojima et al. 2022). Few-shot learning,
or in-context learning, involves presenting the model with a few examples to improve its

@ Springer



85 Page60f 60 Empirical Software Engineering (2025) 30:85

performance on novel tasks (Brown et al. 2020; Reynolds and McDonell 2021). Chain-
of-Thought (CoT), introduced by Wei et al. (2022), structures the model’s reasoning into
intermediate steps, which can be enhanced by combining CoT with few-shot prompts for
complex reasoning tasks.

Tree-of-Thoughts (ToT), proposed by Yao et al. (2024) and Long (2023), builds on Chain-
of-Thought by employing a systematic exploration of a “tree” of reasoning steps. This method
integrates search algorithms, allowing the model to explore different branches of reasoning
more strategically, which is particularly useful for solving complex problems.

In the context of BRMINER, we used the Tree-of-Thoughts (ToT) technique to enhance
the refinement of inputs extracted from bug reports. By guiding GPT-3.5-turbo through a
structured exploration of possible inputs and their relevance to the reported bug, ToT helps
in generating more contextually accurate and useful test inputs. This advanced prompt engi-
neering method enables BRMINER to better align LLM behavior with the specific demands
of test input generation, leading to more effective and targeted test cases.

3 Bug Reports and Relevant Input

This section explores the significance of bug reports in software testing and defines the
concept of relevant inputs within the context of these reports, highlighting their critical role
in enhancing automated test case generation.

3.1 Bug Reports

Bug reports are integral to the software development lifecycle, serving as essential artifacts
that document software issues, their context, and potential resolutions. These reports often
provide a wealth of detailed information, including the observed behavior, the specific condi-
tions under which the issue arose, and, crucially, the inputs that triggered the reported bugs.
Typically, a bug report includes a thorough description of the problem, outlining the steps
required to reproduce it, the environment in which the issue occurred, and sometimes the
expected versus actual results. Moreover, bug reports may include

materials such as code snippets, stack traces, and user logs, offering developers a com-
prehensive perspective on the problem and facilitating a deeper understanding necessary for
effective debugging and resolution.

3.2 Relevant Inputs

Relevant inputs are defined by several key characteristics, as highlighted in various stud-
ies (Toffola et al. 2017; Shahbaz et al. 2012; McMinn et al. 2012; Mariani et al. 2014,
Bozkurt and Harman 2011; Liu et al. 2017). These inputs bypass domain-specific sanity
checks, contribute to branch coverage, and are both syntactically and semantically valid.
They are realistic, context-appropriate, and crucially, they facilitate effective bug detection.

A deeper understanding of what constitutes relevant inputs in the context of bug reports
requires thorough examination of both bug reports and human-written test cases. Through
manual analysis of numerous bug reports, we observed significant variations in the infor-
mation they contain. Some reports include detailed input values, APIs, expected and actual
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results, and even complete code segments for reproducing the issue. By comparing these
reports with the corresponding human-written test cases that successfully pass after a patch,
we discovered a notable overlap in the input values provided. Figure 1 illustrates instances
where inputs from bug reports are directly reflected in the test cases. Additionally, in some
cases, the input values in the test cases share a similar pattern with those in the bug reports,
though they may not be identical, as shown in Fig. 2.

Based on these observations, we define inputs from bug reports as relevant when they
contribute to the success of a human-written test case after the software has been patched.
However, determining the relevance of bug report inputs that differ from those used in test
cases presents a unique challenge. It’s important to note that not all inputs found in bug
reports are necessarily relevant, and conversely, test case inputs that differ from those in the
bug report are not automatically irrelevant. To accurately assess the rate of relevant inputs
in bug reports and the effectiveness of BRMiner’s extraction process, our evaluation focuses
specifically on inputs that are identical between the bug reports and the corresponding test
cases.

4 BRMINER

This section introduces a usage scenario and details our approach for mining test input values
from bug reports, which has been implemented in the tool BRMINER.

4.1 Usage Scenario

In the context of software testing, bug reports are invaluable resources for capturing real-
world inputs that can significantly enhance the testing process. These reports often contain
specific inputs that trigger software bugs, but manually extracting and utilizing these inputs,
especially across large and complex projects, presents significant challenges. A developer
who is responsible for maintaining the project may receive hundreds or even thousands of
bug reports, making it time-consuming and impractical to manually sift through each one to
identify and extract relevant inputs. Additionally, bug reports often contain a mix of struc-
tured and unstructured data, including descriptions, stack traces, error messages, and various
literals, which vary in presentation across different reports and add to the complexity of
consistently identifying pertinent information without automation. Manual extraction is also
prone to human error, such as overlooking critical details or misinterpreting contexts, leading
to incomplete or inaccurate test cases that may allow bugs to persist undetected. Furthermore,
developers are typically engaged in multiple tasks, including coding, code reviews, and other
maintenance activities, making it difficult to allocate sufficient time and resources to man-
ually extract inputs from bug reports without detracting from other essential development
activities. As projects grow and the number of bug reports increases, the scalability of manual
extraction diminishes, rendering it untenable and necessitating more efficient and scalable
solutions.

Consider a developer named Bob, who is responsible for maintaining the Azure AD
Authentication Library. During his routine review of bug reports, Bob encounters a report
(Issue #2122) submitted by a user as illustrated in Fig. 3. This report describes a bug where
the system throws an error when a password containing special characters like & and # is

2 https://github.com/Azure AD/azure- activedirectory-library- for-java/issues/212
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Deeply nested JsonNode throws StackOverflowError for toString()
#3447

®Closed  d

. denizhusaj commented on 5 Apr Do Assignees

No one assigned
Describe the bug

After parsing a deeply nested JSON input stream to an ObjectMapper the returned JsonNode throws a
StackOverflowError for toString() .

Method threw 'java.lang.StackOverflowError' exception. Cannot evaluate
com. fasterxml.jackson.databind.node.ObjectNode.toString()

Version information pore et
213.2.2

To Reproduce

int depth = 50000;
StringBuilder jsonString = new StringBuilder(); X
jsonString.append("{"); gkl
No branches or pull
for (int i=0; i < depth; i++) {
jsonString.append(String.format("\"abc%s\": {", i));
}

(a) Bug report

public void testVeryDeepNodeSer() throws Exception
{
int depth = 9000;
StringBuilder jsonString = new StringBuilder();
jsonString.append("{");

for (int i=0; i < depth; i++) {
jsonString.append(String.format("\"abc%ss\": {", i));

for (int i=0; i < depth; i++) {
jsonString.append("}");

(b) Developer-written test case

Fig. 1 Input value mentioned in the bug report for issue 3447 in the FasterXML jackson-databind library
appears in a test case written by a developer after fixing the bug
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Commons Lang / LANG-1205
NumberUtils.createNumber() behaves inconsistently with NumberUtils.isNumber()

4

v Details v People
Type: O Bug Status: Assigne
Priority: Z Major Resolution: Fixed Reporte!
Affects Version/s: 31 Fix Version/s: 35

Votes
Component/s: lang.math*
Watcher
Labels: None
L v Dates
v Description
. . . it . Created
The NumberUtils.createNumber () method fails to check for multiple trailing characters, and as a result, it returns a
value even though NumberUtils.isNumber () indicates that it should not. For example: Updatec
Resolvet

boolean isNumber = NumberUtils.isNumber("81.5514DD"); // returns false
); // returns a Double value, 81.5514

| would expect the createNumber () method to throw a NumberFormatException in this case.

Number numValue = NumberUtils.createNumber

(a) Bug report

@Test(expected=NumberFormatException.class)
e fails to cre valid num
trailing 'd' charac (LANG-1205)
public void testCreateNumberFailure_7() {
NumberUtils.createNumber("1234.5dd");

@Test(expected=NumberFormatException.class)

ck that the code fails to cr > a valid numbe hen there are multiple
characters (LANG-12
blic void testCreateNumberFailure_8() {
NumberUtils.createNumber("1234.5DD");

(b) Developer-written test case

Fig. 2 Pattern of the input value mentioned in the bug report for issue 1205 in the Apache Commons Lang
library appears in a test case written by a developer after fixing the bug

used. The bug report explicitly mentions that the password “secure&#9pass” triggers the
error, while other inputs (without these characters) work correctly. Additionally, the report
includes contextual details such as the error message “error_description” and the URL
“https://graph.microsoft.com”.

As the maintainer, Bob needs to extract the relevant inputs, particularly the problematic
password, to reproduce and address the bug. While Bob can manually extract inputs from a
limited number of bug reports, this approach becomes extremely time-consuming and error-
prone when dealing with hundreds or thousands of reports. The extensive text, stack traces,
error messages, and other literals within each report compound the difficulty, making manual
extraction impractical in large-scale projects where developers like Bob face a significant
volume of complex reports. BRMiner addresses this challenge by automating the extraction
process. For instance, in the real-world scenario based on Issue #212 from the Azure AD
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AADSTS90013: Invalid input received from the user. When password with &# is used
#212

(©CIe88al) mpradny opened this issue on M

@ mpradny comm

1 found an issue when acquiring a token when password had &# inside. | used I thub.com/azure-samples/activ
r dless sample and | always got com.microsoft.aad. anauj AT e EIon,
{"error. descuptxnr\ "AADSTS98013: Invalid input received from the user. for my primary test account.

No one assigned

in progress ) ' Servicelssue
Code snippet from source:

String password = "secures#9pass"; ReCiE
service = Executors.newFixedThreadPool(1); None yet
context = new AuthenticationContext(AUTHORITY, fa
Future<AuthenticationResult> future = context.

“https://graph.microsoft.con", D, usernane, password,

null); No milestone

When | tried different account, everything worked fine. Also if | remove & or # from password, | get correct response that De

assword is incorrect. When | do any other change in password, | get same Invalid input error message.
B !/ o8 1.9 o e 2 No branches or pull requests

Fig.3 Input value "secure&#9pass’ mentioned in the bug report for issue 212 in the Azure AD Authentication
Library

Authentication Library, Bob encounters a bug report describing an issue triggered by a pass-
word containing special characters (specifically “secure&#9pass”). The report also includes
contextual details such as the error message and the associated URL. Manually extracting
these inputs from hundreds of similar reports would be highly inefficient and error-prone.
For this particular bug report, BRMiner identifies and extracts the following literals:

— “secure&#9pass”: the password causing the error
“error_description”: the error message
— “https://graph.microsoft.com”: the URL involved

BRMiner leverages java parser and regular expressions to capture these literals and
employs a Large Language Model (LLM) to filter out irrelevant details. It prioritizes the most
relevant input-“‘secure&#9pass”-for use in the test case generation process. This automation
allows Bob to focus on resolving the issue instead of manually sifting through the report. By
automating the input extraction process, BRMiner allows Bob to focus on other development
tasks while ensuring that critical inputs like “secure&#9pass” are accurately captured and
used for testing. This automation saves Bob time, reduces the risk of human error, and ensures
that test cases are generated efficiently, even when dealing with complex or extensive bug
reports.

4.2 Approach Overview

Figure 4 provides a high-level overview of the BRMINER approach, detailing the key steps
involved in extracting and refining relevant test inputs from bug reports for automated test
generation. These steps are systematically outlined in Algorithm 1, which details the sequen-
tial process of parsing, separating, and extracting literals, followed by the integration of
Large Language Models (LLMs) for input refinement. The approach is designed to address
key challenges in test input generation, including handling complex literals, ensuring the
relevance of extracted inputs and effectively incorporating these inputs into automated test
generation tools like EvoSuite and Randoop.
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Issue
issuen| Issue
Title Issue nun| Issue
Parse the repository Descrip! Title Issue number
Descriptiq Title
Commen{ Description
Comments

Comme|

Retrieve Java literals
(String and numeric)
with Regex

Natural Language Text
(Enumerations and itemizations)
Potential
Relevant ((
Inputs

Potential =
————
java | <ol =
Inputs

—
Separate source code
—

from Natural Language
Text

Parser
Potential
Relevant Parse the source Source code
Inputs code with a Java (Code regions, Patches,
parser to retrieve Stack traces)
literals (String and
numeric
Filtering Part

ISSUe k ToT prompting
Title . '
Description

Comments Large Language
Model

Prompt creation
with Relevant inputs extraction

potential relevant input
and bug reports

EVs‘.'-‘rSUITE

EvoSuite feedlng Static input pool

with relevant lnput

.—
| Generates
Test Suite

Dynamic input pool

Fig.4 Overview of BRMINER, an automatic approach to extract potential test inputs from bug reports

4.2.1 Technical Challenges and Considerations

When extracting relevant test inputs from bug reports, several technical challenges must be
addressed to ensure the accuracy and effectiveness of the generated test cases.

Handling Complex Literals One challenge lies in handling complex literals. Bug reports
often contain inputs embedded within code snippets, concatenated strings, or method calls,
making it difficult to extract values that can be directly used for test generation. BRMiner
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Algorithm 1 BRMiner Approach.

1: Input: Bug reports from GitHub/Jira (Title, Description, Comments)
2: Output: Refined list of relevant inputs for test case generation

: procedure BRMINER
Step 1: Parse Bug Reports
for each Bug Report B; in Repository do
Parse B; to extract Title, Description, Comments
end for

LRI NhWw

10:  Step 2: Separate Code and Text
11:  for each Bug Report B; do

12: Use Infozilla to separate source code from natural language text
13:  end for
14:

15:  Step 3: Extract Potential Inputs
16:  for each Bug Report B; do

17: Use Javalang parser to extract literals (strings, numerics) from source code
18: Use Regex to extract literals (strings, numerics) from natural language text
19: Store extracted inputs as Potential Relevant Inputs P;

20:  end for

21:

22:  Step 4: Integrate LLM for Filtering
23:  for each Bug Report B; do

24: Generate a Tree of Thoughts (ToT) prompt based on B; and P;
25: Query GPT-3.5-turbo with ToT prompt to analyze and filter P;
26: Retrieve a refined list of relevant inputs R; from LLM

27:  end for

28:

29:  Step 5: Generate Test Cases

30: Integrate R; into EvoSuite’s static input pool
31:  Use EvoSuite to generate test cases based on R;
32:  Return Generated test cases

33: end procedure

overcomes this by employing Javalang to parse and extract string and numeric literals from
source code, while also applying regular expressions (regex) to natural language text. This
dual approach allows BRMiner to capture entire concatenated strings or method arguments,
ensuring that the extracted inputs are complete and usable in the test generation process.
Another challenge involves the contextual relevance of inputs.

Contextual Relevance of Inputs Bug reports may not always explicitly mention the inputs
that caused the bug, leaving vague or incomplete descriptions. For example, a report may
simply state that “the system crashes when invalid input is provided,” without specifying
the exact input that triggered the crash. To address this, BRMiner integrates Large Language
Models (LLMs) to filter and refine the extracted literals, ensuring that the most relevant inputs
are identified based on the context of the bug report. This approach enhances the relevance
of the inputs used in test generation, even in cases where the bug report lacks specific details.

Version Discrepancies Finally, version discrepancies pose another challenge, as inputs
extracted from older bug reports may become outdated due to changes in the software code-
base. While BRMiner is not explicitly designed to handle version discrepancies, it mitigates
this issue by leveraging automated test generators like EvoSuite and Randoop. These tools
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explore multiple execution paths using diverse inputs, helping to compensate for version
differences and ensuring that the test suite generation remains comprehensive.

As previously illustrated in Section 4.1, the Azure AD Authentication Library bug report
(Issue #212) exemplifies how BRMiner extracts relevant inputs like “secure&#9pass” from
a report that contains multiple literals and contextual data. The report describes an invalid
input error when a password contains special characters such as & or #. In this case, the report
mentions several potential literals, including ‘“error_description”, “secure&#9pass”, and
“https://graph.microsoft.com”, which could be relevant to reproducing the issue. For a human,
manually analyzing such a detailed report, especially when it includes numerous literals,
extensive text, stack traces, or error outputs, would be highly time-consuming. BRMiner
automates this process by extracting all potential literals using regular expressions. After
identifying the key literals, BRMiner leverages a Large Language Model (LLM) to filter
the extracted inputs, determining that “secure&#9pass” is the most relevant for test case
generation. This filtering process significantly reduces manual effort by focusing only on the
necessary inputs for reproducing the bug, while discarding irrelevant details like the error
message and the URL. The filtered input, “secure&#9pass”, is then used in automated test
generation with EvoSuite, ensuring more accurate and focused test cases.

4.2.2 Initial Steps: Parsing and Extraction

The BRMINER process begins by leveraging the application programming interfaces (APIs)
of GitHub? and Jira* to systematically explore and parse bug reports. This step is crucial for
identifying potential relevant inputs embedded within the reports, which may include titles,
descriptions, and comments. To accurately segregate different types of information within
the bug reports, BRMiner employs Infozilla (Bettenburg et al. 2008) to separate source code
snippets from natural language text. This segregation allows for a clearer distinction between
the software’s codebase and the descriptive content provided within the bug reports.

4.2.3 Literal Extraction from Source Code and Natural Language Text

Once the text and code have been separated, BRMiner proceeds to extract relevant literals
using two complementary methods:

— Source Code Extraction: Using Javalang’, a robust parser designed for analyzing Java
source code, BRMiner identifies and extracts string and numeric literals embedded within
the code snippets associated with the bug reports. These literals might include hardcoded
values, constants, or any other relevant data embedded directly in the code.

— Natural Language Text Extraction: Regular expressions (regex) are employed to
extract similar literals from the natural language text found in the bug reports. This
includes strings enclosed in single or double quotes and numeric values, which could
represent key parameters, user inputs, or other critical data mentioned in the bug descrip-
tions.

For instance, regex patterns are used to identify and extract strings that may represent variable
names, error messages, or specific input values, as well as numeric literals that describe
conditions or thresholds leading to a bug.

3 https://github.com/sigmavirus24/github3.py
4 https://github.com/pycontribs/jira
5 https://github.com/c2nes/javalang
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4.2.4 Application of Extracted Inputs in Test Case Generation

The refined inputs produced through the BRMINER approach are then incorporated into
EvoSuite’s static input pool, where they serve as seed inputs for automated test generation.
EvoSuite leverages these inputs to explore different execution paths and generate compre-
hensive test suites, thereby enhancing the robustness and reliability of the software.

To establish a baseline for comparison, experiments were also conducted using an LLM
alone, without any pre-extracted inputs. In this scenario, the LLM independently analyzes the
bug report content to determine relevant test inputs, which are then used for test generation.
This baseline helps assess the effectiveness of BRMINER in improving test input relevance.
Furthermore, to address concerns about the generalizability of BRMINER across different
testing methodologies, we extended our evaluation by incorporating Randoop, a feedback-
directed random testing tool. Randoop was used with the same input scenarios, allowing us
to benchmark BRMINER against another well-established testing methodology.

5 Experimental Setup

The goal of our empirical study is to evaluate the effectiveness of BRMINER in extracting
relevant inputs from bug reports and to assess whether these inputs enhance the quality of
tests generated by automated test generation tools such as EvoSuite and Randoop. BRMiner
integrates a Large Language Model (LLM), specifically GPT-3.5-turbo, to refine the extracted
inputs through a filtering process, thereby improving the relevance and effectiveness of the
generated test cases. Additionally, we employed Randoop as a complementary test generation
tool to benchmark our results against those obtained with EvoSuite. The prompts designed
for the Tree of Thoughts (ToT) technique used in the LLM filtering process will also be
discussed in detail.

In the following subsections, we present the research questions guiding our study, describe
the dataset used for evaluation, and detail the experimental setup, including the LLM param-
eters, prompt design, and the testing environment. The implementation of our approach and
all related experimental data is publicly available in a currently anonymous repository at:
https://anonymous.4open.science/r/BRMiner-C853.

5.1 Research Questions

RQ1: To what extent are relevant inputs from bug reports incorporated into manually
written test cases, and how often are inputs that trigger bugs explicitly mentioned in
the bug reports? This research question investigates two key aspects: @ The extent to
which developers incorporate relevant inputs from bug reports into their manually written
test cases when addressing bugs, and @ The proportion of bug reports within the Defects4J
dataset that explicitly mention the inputs responsible for triggering bugs. To address these
objectives, the study will analyze a large-scale dataset, such as Defects4J, by performing
an intersection analysis between tokens extracted from bug reports and literals identified in
associated test cases to evaluate alignment. Additionally, an evaluation of bug reports from
Defects4] projects hosted on Jira and GitHub will quantify the frequency of explicit versus
implicit input mentions, highlighting patterns in how input details are documented within
bug reports.
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RQ2: What is the relevance of actual inputs among the potential inputs extracted by
BRMiner? This question focuses on evaluating the efficacy of BRMiner in extracting rel-
evant inputs from bug reports within the context of the Defects4J projects. The objective
is to measure: @ The proportion of extracted inputs that are genuinely useful for generat-
ing effective test cases; and @ The tool’s effectiveness in minimizing irrelevant inputs. This
evaluation is conducted using three configurations: BRMiner, the combination of Regex +
Javalang in the BRMiner approach, and the baseline LLM alone.

RQ3: Do tests generated using all the relevant inputs extracted by BRMiner exhibit a
higher bug detection rate compared to tests generated without utilizing these inputs?
This research question examines whether the inclusion of inputs extracted by BRMiner
enhances the bug detection capability of generated test cases. Specifically, it assesses:
@ Whether these extracted inputs lead to a higher rate of bug detection when compared
to test cases generated without BRMiner’s inputs; and @ How the use of these inputs impacts
the overall effectiveness of tools like EvoSuite and Randoop in identifying software defects.
RQ4: Does the utilization of all extracted relevant inputs by BRMiner result in higher
code coverage compared to tests generated without using these inputs? This question
aims to evaluate the impact of BRMiner’s extracted inputs on code coverage metrics in
automatically generated test cases. The focus is on: @ Determining whether incorporating
these inputs results in more comprehensive exploration of the codebase; and @ Assessing
if these inputs help uncover additional execution paths that might be missed by standard
test generation methods. The experiment will compare the code coverage metrics-such as
branch, instruction, method, and line coverage-between test cases generated with and without
BRMiner’s inputs.

5.2 Dataset

To address our research questions, we utilized the version 2.0.0 of Defects4J (Justet al. 2014),
an open-source database designed for software testing and debugging research. Defects4]J
provides a collection of real software defects described in user-written bug reports, each
project consisting of a buggy program version and a fixed program version. Since our study
focuses on the use of bug reports, JFreeChart was excluded due to the lack of sufficient and
consistent bug report information.

5.3 Large Language Model

In our study, we utilized OpenAI’s GPT-3.5-turbo model to enhance the relevance of extracted
inputs from bug reports in the BRMiner approach. GPT-3.5-turbo is a state-of-the-art language
model with a token limit of 4,096 tokens, which includes both the input and output tokens in
each interaction. To optimize the model’s performance, we set the token limit to the maximum
allowable, ensuring that as much contextual information as possible could be included in each
prompt.

For the filtering process, we maintained the model’s default parameters, setting the tem-
perature to 0.7 to balance creativity and coherence in the generated outputs. The temperature
setting controls the randomness of the model’s predictions, with a value of 0.7 providing a
good mix of deterministic and diverse responses.
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To manage the token limits effectively, especially given the potential length of bug reports,
we employed OpenAT’s tiktoken® library. This library allowed us to count and manage tokens
within prompts, ensuring that we stayed within the model’s constraints while maximizing the
information provided to the model. When necessary, we adjusted the content of the prompts
by prioritizing key elements such as the title, description, comments, and extracted inputs,
while omitting less critical information to avoid exceeding the token limit. This approach
enabled us to leverage the full capacity of GPT-3.5-turbo for refining input relevance in our
experiments.

5.4 Prompt Design

Effective prompt design is crucial in leveraging Large Language Models (LLMs) for tasks
such as input refinement in test case generation. Drawing inspiration from established research
in unit test generation (Siddiq et al. 2024b; Chen et al. 2023; Tang et al. 2024), we carefully
crafted prompts to guide the LLMs toward extracting relevant and high-quality inputs. Our
approach leverages the Tree of Thoughts (ToT) prompting technique, which helps the LLM
explore different reasoning paths and refine its output based on the contextual information
provided. Each prompt consists of two key components: a Natural Language Description
(NLD) that outlines the task and a Contextual Data Placeholder (CDP) that includes extracted
inputs and relevant bug report details. We will delve into the specifics of each part and explain
how they contribute to the overall effectiveness of the BRMiner approach.

— Natural Language Description: The NLD is designed to clearly and concisely instruct
the LLM on the task at hand. It includes:

— (i) A role-playing directive that positions the LLM as a software engineering expert
tasked with analyzing bug reports, enhancing the model’s focus on identifying rele-
vant inputs (Chen et al. 2023; Tang et al. 2024).

— (ii) A task-specific directive to identify and refine potential test inputs from the
provided bug report details, guiding the LLM to consider both the extracted literals
and the semantic context of the bug.

— (iii) A control statement that requires the output to be formatted in a structured JSON
format, ensuring the results are easy to parse and integrate into the test generation
process.

— Contextual Data: This section of the prompt varies depending on the configuration:

— (i) For the BRMiner configuration, the prompt includes the extracted literals (strings
and numeric values) from the bug reports, as well as the title, description, and com-
ments. This combination allows the LLM to refine the inputs based on both raw data
and the broader context provided by the bug report.

— (ii) For the LLM Alone baseline, the prompt consists only of the bug report details
without any pre-extracted inputs, allowing the LLM to independently generate poten-
tial test inputs.

The design of these prompts is illustrated in Fig. 5, which provides examples of the ToT
prompts used in both the BRMiner approach and the LLM Alone baseline. By structuring
the prompts in this manner, we aim to harness the full potential of GPT-3.5-turbo in refining
and generating inputs that are both relevant and effective for test case generation.

6 https://github.com/openai/tiktoken
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(a): ToT Prompting in LLM Alone Baseline

Imagine three different software engineering experts working on maintaining
a software project hosted on GitHub or Jira. Their task is to analyze a bug
report, specifically its Title, Description, and Comments, to identify potential
test inputs that can trigger the described bug. Consider the following bug re-
port with title [Title]. Below is the description of the bug report:[Description).
Here are the comments associated with the bug report: [Comments] Each ex-
pert should propose potential inputs classified as String, Float, Integer, that
could be relevant for triggering the bug. They must discuss the relevance of
these inputs and discard any that are deemed irrelevant. Finally, they should
compile a list of relevant inputs in the following JSON format for ease of use:
[JSON_FORMAT] Please ensure the complete JSON file is placed between
the three quotes “* “* for easy extraction.

(b): ToT Prompting in BRMiner Approach

Imagine three different software engineering experts working on maintain-
ing a software project hosted on GitHub or Jira. Their task is to analyze the
contents of a bug report, including its Title, Description, and Comments, to
determine potential test inputs that could be used to trigger the described bug.
Consider the following bug report with title [Title]. Below is the description of
the bug report: [Description]. Here are the comments associated with the bug
report: [Comments] The following inputs have been automatically extracted
from this bug report: [INPUTS-LIST]. The experts must analyze both the
bug report and these extracted inputs, then select relevant inputs classified as
String, Float, Integer. They should discuss the relevance of all chosen inputs,
discarding any that are deemed irrelevant. Finally, they should compile a com-
plete list of relevant inputs in the following JSON format: [JSON_FORMAT]
Please ensure the complete JSON file is placed between the three quotes “‘ “*
for easy extraction.

Fig.5 Examples of ToT prompt design used for relevant inputs extraction

5.5 Testing Environment
5.5.1 EvoSuite SBST Tool

For our experiments, we ussed EvoSuite’ version 1.2.1, the latest version available at the time
of our study. EvoSuite is a Search-Based Software Testing (SBST) tool that automatically
generates test cases with a focus on maximizing code coverage. To integrate BRMiner, we
modified EvoSuite’s source code to include inputs extracted by BRMiner into EvoSuite’s
static input pool (Fig. 4). This modification allowed us to use BRMiner’s inputs as seed
inputs, enhancing the generation of test cases that are more aligned with the real-world
scenarios described in bug reports.

Dynamic Symbolic Execution (DSE) was employed during test generation, with branch,
method, and line coverage as the primary criteria. We disabled the minimization option in

7 https://github.com/EvoSuite/evosuite
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EvoSuite to maintain comprehensive test generation, ensuring that all possible scenarios
are tested. Assertion minimization was also disabled to preserve the thoroughness of the
generated tests. All other EvoSuite parameters were left at their default settings to align with
standard practices in the research community.

To ensure robustness and reliability, each experiment was repeated five times, with results
aggregated across these iterations. This iterative approach helps reduce the impact of random
variations, providing a more stable and accurate evaluation of the tool’s performance.

5.5.2 Randoop

We also conducted experiments using Randoop® version 4.3.1, a feedback-directed random
testing tool. Randoop automatically generates unit tests for Java programs by randomly
combining methods and constructors, then executing them to detect unexpected behavior or
crashes. Randoop produces two types of unit tests: error-revealing tests and regression tests.
For this study, we focused on error-revealing tests, which are designed to identify potential
errors in the classes under test. These tests are particularly useful for detecting exceptions or
errors during the execution of the generated tests.

To handle potential issues such as infinite loops or methods that wait for user input, we
configured Randoop to run each test in a separate thread by setting the —usethreads option
to true. The —call-timeout was set to its default value of 5000 milliseconds, ensuring that
any non-returning method calls are stopped forcefully after the specified time limit. This
setup helps prevent Randoop from stalling during test generation, although it does result in
a decrease in generation speed.

5.5.3 Time Budget

For both EvoSuite and Randoop, we allocated a time budget of three minutes per test case
generation. This time budget was selected based on practical considerations, as it aligns with
the typical constraints faced by developers. Previous studies (Fraser et al. 2015; Arcuri and
Fraser 2013; Shamshiri et al. 2015) have demonstrated that a three-minute time budget is
sufficient for effective test case generation in most cases. This consistent time budget across
tools ensures comparability between the results obtained from EvoSuite and Randoop.

5.5.4 Hardware

All experiments were conducted on a machine equipped with an AMD EPYC 7552 48-Core
Processor running at 3.2 GHz, with 640 GB of RAM. While not all of these resources were
allocated for the experiments, the hardware provided sufficient computational power to run
the experiments efficiently within the allotted time budget. This setup ensures that the results
are reliable and reproducible under similar conditions.

6 Experimental Results

This section outlines the experimental results and addresses the research questions.

8 https://randoop.github.io/randoop/
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6.1 [RQ1]: Incorporation of Relevant Bug Report Inputs into Manually Written Test
Cases and Frequency of Explicit Input Mentions

Experiment Goal This experiment aims to assess the consistency with which relevant inputs
from bug reports are incorporated into manually written test cases across a large dataset. Initial
manual verification identified certain relevant inputs; however, this study seeks to determine
their consistent presence in bug reports associated with successfully patched software ver-
sions. By following the definition provided in Section 3.2 and aggregating results by project,
we provide an overall estimate of the incorporation of these inputs into manual test cases.
Additionally, to better understand the nature of these relevant inputs, the experiment will
quantify the proportion of bug reports that explicitly mention test inputs, those that describe
issues more implicitly, and those that do not mention inputs at all. This detailed categorization
highlights the variability in input descriptions and provides insights into the challenges of
extracting actionable test inputs across diverse bug report scenarios.

Experiment Design This experiment design is structured into two parts, each addressing a
distinct aspect of input relevance from bug reports. The first part of the experiment examines
the extent to which relevant inputs are incorporated into human-written test cases by following
these steps:

— Grouping by Project: For each project in Defects4], we first extracted all the inputs
contained in the test cases using the Javalang parser. These extracted inputs were then
grouped by project. Similarly, we tokenized each bug report within a project using the
code-tokenize tool, developed as part of Cedric Richter (2022), and grouped the
resulting tokens by project.

— Intersection Analysis: Once the inputs from the test cases and the tokens from the bug
reports were grouped by project, we performed an intersection analysis for each project.
This analysis identified the common inputs shared between the bug reports and the test
cases written by human developers. By aggregating the results across all bug reports
within each project, we obtained a global estimate of the number of identical inputs
found in both sources.

Given the variability in the quality and completeness of bug reports, we aggregated the
results by project. This aggregation provides a comprehensive estimate that highlights the
extent to which inputs found in bug reports are consistently leveraged in human-written test
cases, even when individual reports may vary in quality and quantity. Algorithm 2 outlines
the process.

The second part of the experiment focuses on quantifying the proportion of bug reports
across three categories: (1) those with no inputs mentioned, (2) those with inputs explicitly
mentioned, and (3) those with inputs implicitly described. This classification is essential for
understanding the variability in input information and ensuring BRMiner’s effectiveness in
processing diverse types of bug reports. Conducting this analysis manually for a significant
dataset would be prohibitively expensive and time-consuming, given the thousands of bug
reports involved. To address this challenge, we employed a Chain-of-Thought (CoT) prompt
with a Large Language Model (LLM), enabling systematic and scalable classification across
the dataset while maintaining the necessary scale for reliable and generalizable conclusions.

— Prompt Design: The LLM classified bug reports into three distinct categories to ensure
a comprehensive analysis of the variability in input information. The first category, No
Inputs Mentioned, includes bug reports that do not reference any specific input(s) trig-
gering the bug. These reports often describe issues in vague or general terms without
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Algorithm 2 Incorporation of relevant inputs from bug reports into test cases.

1: procedure ANALYZERELEVANTINPUTS

2 Input: BugReports[], TestCases|]

3 Output: CommonlInputs[]

4 for each Project P in Defects4] do

S: Step 1: Tokenization

6: P_Tokens < TokenizeAndGroupByProject(BugReports[P])
7 Step 2: Literal Extraction

8 P_Literals < ExtractAndGroupByProject(TestCases[P])

9: Step 3: Intersection Analysis
10: CommonlInputs[P] < Intersection(P_Tokens, P_Literals)
11:  end for

12:  return Commonlnputs
13: end procedure

providing actionable details about the inputs involved. The second category, Explicit
Input Mention, comprises bug reports that explicitly mention specific input values, such
as strings, numbers, or variable values, that directly trigger the bug. These reports pro-
vide clear and detailed references to the problematic inputs. Finally, the third category,
Implicit Input Description, covers bug reports that lack directly stated inputs but provide
descriptions that imply potential input(s). In such cases, the input values are not explicitly
mentioned but can be inferred from the context or details provided in the report. This
classification ensures a structured approach to understanding and processing bug reports
with varying levels of input detail.

— Data Extraction Format: The LLM recorded its classification in a structured JSON
format. The format included the classification category and a list of specific inputs (if
available). If no inputs were mentioned, the JSON entry indicated “None” for inputs and
a classification of “No Inputs Mentioned.” This structured approach allows for efficient
analysis and ensures consistency across all bug reports.

Figure 6 illustrates the design of the Chain-of-Thought (CoT) prompt utilized in this
experiment. This prompt guides the LLM through a structured process for analyzing each bug
report, enabling it to classify reports into three distinct categories: reports with no mentioned
inputs, reports with explicitly mentioned inputs, and those with implicit input descriptions.
By processing the bug report content—covering titles, descriptions, and comments—the CoT
prompt ensures a comprehensive and consistent classification while addressing the variability
and nuances inherent in bug report information.

To ensure the reliability and accuracy of the LLM’s classifications across the three cate-
gories, we employed a rigorous sampling methodology. This step was necessary to validate the
LLM’s performance and establish confidence in the results while addressing the variability
inherent in bug report content. The sampling process was designed to evaluate the effec-
tiveness and consistency of the LLM’s classifications without requiring a complete manual
review of the entire dataset. By analyzing a representative subset, we ensured the reliability
of the LLM’s outputs while optimizing the validation effort. In this study, we applied the
sampling methodology described in Algorithm 3, ensuring proportional representation across
all categories.

The primary purpose of the sampling methodology was to verify the accuracy and con-
sistency of the LLM’s classifications across the three identified categories of bug reports.
This validation was essential to demonstrate the robustness of the LLM in handling diverse
and nuanced input information, while also identifying areas where its performance could
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You are a software engineering expert responsible for analyzing bug reports

for maintenance purpose. Your task is to analyze bug reports, specifically Ti-
tle, Description, and Comments, to identify potential test inputs that can
trigger the described bug. For each bug report, you must analyze the content,
detect the intentions in the bug reports, and classify each bug report into one
of the following categories: 1.No Inputs Mentioned: The bug report does not
reference any specific input(s) triggering the bug. 2. Explicit Input Mention:
Specific input values (e.g., strings, numbers, or variable values) are directly
mentioned in the bug report. 3. Implicit Input (Implicit Input): Input values
are not directly mentioned or are vague. In this case no specific input value
is mentioned, but it implies an issue with invalid input handling. For each re-
port provide your classification in JSON format. Include the following fields in
your response: category: The classification category ("No Inputs Mentioned,”
"Explicit Input Mention,” or "Implicit Input Description”). inputs: A list of
inputs if explicitly mentioned, or "None” if no inputs are referenced. Here is
how you must format the response: [JSON_FORMAT]. Consider the following
bug report with title [Title]. Below is the description of the bug report: [De-
scription]. Here are the comments associated with the bug report: [Comments]
Please ensure the complete JSON file is placed between the three quotes “* “¢
for easy extraction.

Fig.6 Chain-of-Thought prompt design for classifying input mentions in bug reports

Algorithm 3 Sampling for validation of LLM Classifications.

1: procedure VALIDATELLMCLASSIFICATIONS

2 Input: BugReports[], Categories = {Nolnputs, ExplicitInputs, ImplicitInputs }
3 Output: ValidationMetrics

4 Step 1: Proportional Sampling

5:  for each Category C in Categories do

6: CategoryReports[C] < Filter Reports(BugReports, C)

7: SampleSize[C] < 0.10 x |CategoryReports[C]|

8 Sampled Reports[C] <— RandomSample(CategoryReports[C], SampleSize[C])
9:  end for

10:  Step 2: Human Validation

11:  for each Report in Sampled Reports do

12: LLMClassification < LLMClassify(Report)

13: HumanClassification < HumanClassify(Report)

14: ValidationResults < Compare(LLMClassification, HumanClassification)
15:  end for

16:  Step 3: Evaluation Metrics

17: Accuracy < CalculateAccuracy(ValidationResults)

18:  DiscrepancyRate < CalculateDiscrepancyRate(ValidationResults)
19:  Step 4: Threshold Evaluation

20:  if Accuracy < Threshold then
21: AdjustPromptOrProcess()

22:  endif

23:  return ValidationMetrics

24: end procedure
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be improved. For validation, bug reports were divided into three distinct categories: (1) No
Inputs Mentioned, which includes bug reports that do not reference any specific input(s)
triggering the bug; (2) Explicit Input Mention, comprising bug reports that explicitly state
the inputs that trigger the bug, such as strings, numbers, or variable values; and (3) Implicit
Input Description, covering bug reports that describe inputs in an implied manner without
direct mention, often requiring inference to determine potential input(s).

A representative 10% sample was drawn from each of these categories, ensuring pro-
portional representation of bug reports across all projects in the dataset. Two independent
human reviewers, who are software engineering experts, manually evaluated the sampled
bug reports. They classified the reports and validated the inputs identified by the LLM. The
classifications provided by the human reviewers were then compared with those generated by
the LLM to calculate evaluation metrics. The Accuracy metric was defined as the percentage
of correct classifications by the LLM and is computed using the formula:

— Accuracy: The percentage of correct classifications by the LLM. It is computed as

follows: . .
A Number of Correct Classifications 100
ccuracy = X
Y Total Number of Classifications

— Discrepancy Rate: The percentage of cases where the LLM’s classification or input
extraction was incorrect. It is computed as follows:
Number of Incorrect Classifications

Discrepancy Rate = - - x 100
Total Number of Classifications

In these formulas, correct classifications refer to cases where the LLM'’s classification
aligns with the human reviewer’s classification, while incorrect classifications denote cases
where the LLM’s outputs deviate. The total number of classifications represents the total
number of bug reports sampled and validated during the experiment.

To ensure the reliability of the LLM’s classifications, a theoretical accuracy threshold of
90% was established. This threshold served as a benchmark to determine whether adjustments
to the LLM prompt or validation process were necessary. Specifically, if the accuracy of
the LLM’s classifications fell below this threshold, refinements would be implemented to
improve performance. Similarly, a high discrepancy rate between the LLM’s outputs and
human classifications would prompt a review of the classification approach. However, in this
study, no adjustments were required as the accuracy met the defined threshold, underscoring
the robustness of the initial prompt design.

This validation process ensures that the classifications provided by the LLM are reliable
and representative of the entire dataset. The results of this validation are critical in demon-
strating the robustness of the LLM’s classifications and identifying areas for refinement.

Experiment Results The results of this experiment, shown in Table 2, indicate that across the
Defects4] projects, 1,129 out of the 7,855 inputs extracted from the test cases (approximately
14.37%) were also present in the bug reports. This finding, which aligns with the initial manual
exploration, demonstrates a significant overlap and highlights the importance of bug reports
as a source of relevant inputs for automatic test case generation. It is important to note that
this analysis provides an aggregated view, ensuring that the results reflect a consistent trend
across projects rather than isolated instances.

Concerning the second experiment, which examined the frequency of explicit input men-
tions, a rigorous sampling methodology was employed to validate the reliability and accuracy
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of the LLM’s classifications across the three identified categories. This process involved cal-
culating representative sample sizes for each category based on the total number of bug
reports. Specifically, the sample sizes were determined using a 10% sampling rate, ensuring
proportional representation of bug reports across all projects. For the No Inputs Mentioned
category, which contained 5,509 bug reports, a sample size of 551 was calculated. Similarly,
for the Explicit Input Mention category with 10,069 bug reports, a sample size of 1,007 was
determined, and for the Implicit Input Description category with 12,042 bug reports, a sample
size of 1,204 was selected.

Each sampled bug report was evaluated independently by two human reviewers, both soft-
ware engineering experts. These reviewers manually classified the bug reports and validated
the inputs identified by the LLM. The classifications provided by the human reviewers were
then compared against the LLM’s classifications to compute evaluation metrics, including
Accuracy and Discrepancy Rate. Accuracy was defined as the percentage of correct classifi-
cations made by the LLM, while Discrepancy Rate measured the percentage of cases where
the LLM’s classification deviated from the human reviewers’ classifications. The evaluation
results are summarized in Table 1. For the No Inputs Mentioned category, the LLM achieved
an accuracy of 96.18% with a discrepancy rate of 3.82%. For the Explicit Input Mention
category, the accuracy was 95.34%, with a discrepancy rate of 4.66%. For the Implicit Input
Description category, the LLM’s accuracy was 94.35%, and the discrepancy rate was 5.65%.
Across all categories, the overall accuracy was 95.07%, with a discrepancy rate of 4.93%.
These results demonstrate that the LLM consistently provides accurate classifications with
minimal errors, even across diverse and nuanced bug report content.

Building upon these validation results, the second experiment quantified the distribution
of bug reports across three categories: “No Inputs Mentioned,” “Explicit Input Mention,”
and “Implicit Input Description.” Globally, across the entire dataset, 19.95% of bug reports
fell into the “No Inputs Mentioned” category, while 36.46% explicitly mentioned specific
input values, and 43.60% provided implicit descriptions. These results indicate that nearly
one-fifth of bug reports do not reference any input information, presenting challenges for
automated tools reliant on such details (Table 2).

Focusing on the subset of bug reports that explicitly or implicitly mention inputs, the anal-
ysis, summarized in Table 3, reveals that 44.37% of these reports explicitly mention specific
input values, while 55.63% provide implicit descriptions. This distribution highlights the
variability in how inputs are detailed, emphasizing the dual challenges of extracting relevant
information from both explicit mentions and less directly stated descriptions. These findings
reinforce the importance of tools like BRMiner, which can effectively process and extract
actionable test inputs from both explicit and implicit input mentions, ensuring comprehensive
and accurate input identification for automated testing.

Table 1 Evaluation of LLM classification accuracy and discrepancy rates across categories

Category Sample size LLM correct LLM incorrect Accuracy (%) Discrepancy rate (%)
No inputs mentioned 551 530 21 96.18 3.82
Explicit input mention 1,007 960 47 95.34 4.66
Implicit input description 1,204 1,136 68 94.35 5.65
Total/Average 2,762 2,626 136 95.07 4.93
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Table 2 Number of relevant inputs in bug reports and associated test cases

Projects # of bugs # of inputs Bug reports inputs
in test cases N test cases literals

Cli 39 484 93

Codec 18 119 29

Collections 4 20 17

Compress 47 260 49

Csv 16 96 30

JxPath 22 188 23

Lang 64 1,102 120

Math 106 1,295 408

Closure 174 2,486 33

Gson 18 67 11

JacksonCore 26 158 30

JacksonDatabind 112 446 101

JacksonXml 6 43 8

Jsoup 93 660 119

Mockito 38 89 12

Time 26 342 46

Total 809 7,855 1,129

Table 3 Distribution of bug reports with explicit and implicit input mentions across projects

Projects #Bug reports #Explicit #Implicit Explicit(%) Implicit(%)
Cli 306 127 179 41.50 58.50
Codec 295 136 159 46.10 53.90
Collections 770 329 441 42.73 57.27
Compress 635 315 320 49.61 50.39
Csv 300 132 168 44.00 56.00
JxPath 194 88 106 45.36 54.64
Lang 1645 792 853 48.15 51.85
Math 1636 730 906 44.62 55.38
Closure 3965 1960 2005 49.43 50.57
Gson 2182 1049 1133 48.08 51.92
JacksonCore 805 335 470 41.61 58.39
JacksonDatabind 3581 1666 1915 46.52 53.48
JacksonXml 543 192 351 35.36 64.64
Jsoup 1829 771 1052 42.48 57.52
Mockito 2764 1161 1603 42.00 58.00
Time 661 280 381 42.36 57.64
Total/Average 22111 10069 12042 44.37 55.63
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These combined results highlight not only the relevance of bug reports as a source of
test inputs but also the varying degrees of input detail provided, reinforcing the need for
automated tools capable of effectively processing both explicit and implicit input mentions.

Summary of RQ1: The identification of 1,129 relevant inputs, representing 15% of
extracted data, underscores the critical role of bug reports in providing actionable test
data through exact matches with test cases. Validation of the LLM’s classifications, with
an overall accuracy of 95.07% and a discrepancy rate of 4.93%, further demonstrates the
reliability of the LLM in categorizing bug reports across diverse content. Globally, 19.95%
of bug reports lacked input mentions, while 36.46% explicitly mentioned specific inputs
and 43.60% provided implicit descriptions. Among reports with inputs, 44.37% explicitly
mentioned values, and 55.63% provided implicit descriptions. These findings highlight
the dual challenges of extracting inputs from explicit and implicit mentions, reinforcing
the importance of tools like BRMiner in enabling comprehensive and effective test case
generation.

6.2 [RQ2]: Relevance Rate of BRMINER-Extracted Potential Relevant Inputs

Experiment Goal The goal of this experiment is to evaluate BRMiner’s effectiveness in
automatically extracting relevant inputs from bug reports. Specifically, we aim to assess both
the Relevant Input Rate (RIR) and the Relevant Input Extraction Accuracy Rate (RIEAR)
across various configurations. This analysis seeks to provide empirical evidence of BRMiner’s
performance in identifying relevant inputs from real-world bug reports within the Defects4]J
projects.

Experiment Design To achieve this, we conducted experiments using four different config-
urations:

— Javalang Only: This configuration uses the Javalang parser to extract inputs from both
source code and natural language texts.

— Regex + Javalang: This combines regular expressions (Regex) with Javalang to enhance
input extraction from both source code and natural language texts.

— BRMiner: This configuration represents our BRMiner approach, which integrates LLM
filtering. BRMiner refines the extracted inputs using a ToT prompt and GPT-3.5-turbo to
enhance the relevance of the final inputs used for testing.

— LLM Alone: As a baseline, LLM Alone uses GPT-3.5-turbo to analyze bug reports and
identify potential test inputs without any pre-extracted inputs.

The performance of these configurations was quantified using two key metrics:

Relevant Input Rate (RIR) This metric measures the proportion of relevant inputs extracted
by BRMiner (or any other configuration) relative to the total relevant inputs identified from
the intersection of bug reports and test cases. It is calculated as:

ITC N BRM]|
e 720 % 100

RIR(%) = ( IBR N TC|
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Relevant Input Extraction Accuracy Rate (RIEAR) This metric indicates the proportion of
BRMiner-extracted inputs that are actually relevant, considering the total number of unique
inputs extracted by BRMiner. It is calculated as:

ITC N BRM|
RIEAR(%) = [ —————"1) x 100

|BRM|

Where:

— |TC N BRM]| represents the number of inputs that are present both in the test cases (TC)
and those extracted by BRMiner (BRM).

— |BR N TC] represents the number of relevant inputs identified from the intersection of
bug reports (BR) and test cases (TC).

— |BRM]| represents the total number of unique inputs extracted by BRMiner.

Experiment Results The results, summarized in Table 4 (All Bug Reports and “Implicit
Input” Sample), provide a comprehensive comparison of BRMiner with alternative meth-
ods, including Javalang Only, Regex + Javalang, and LLM Alone. The analysis is based
on key metrics such as Relevant Input Rate (RIR) and Relevant Input Extraction Accuracy
Rate (RIEAR), offering insights into the balance between input diversity and precision.

The Javalang Only configuration demonstrates moderate performance, achieving an RIR
of 50.2% and an RIEAR of 35.2% across all bug reports. In the “Implicit Input” subset,
its performance declines slightly, with an RIR of 47.35% and an RIEAR of 29.83%. This
indicates that Javalang Only is moderately effective in identifying relevant inputs, but its
reliance on syntactic parsing alone limits its ability to handle implicit inputs, resulting in
reduced performance in less detailed bug reports.

The Regex + Javalang configuration exhibits the highest RIR, achieving 68.7% across all
bug reports and 68.16% in the “Implicit Input” subset. However, its RIEAR is significantly
lower, at 8.1% and 13.15%, respectively. This disparity highlights the method’s tendency
to extract a large volume of inputs, many of which are irrelevant or do not match exactly,
leading to increased noise. The lack of contextual filtering undermines its practical utility,
especially for scenarios requiring precise input identification.

The BRMiner approach strikes a balanced performance, achieving an RIR of 60.03%
and an RIEAR of 31.71% across all bug reports. Notably, its performance remains stable
in the “Implicit Input” subset, with an RIR of 61.66% and an identical RIEAR of 31.71%.
This consistency underscores BRMiner’s robustness and adaptability to varying levels of
input detail in bug reports. By effectively balancing input diversity and precision, BRMiner
proves to be a reliable tool for the automated extraction of relevant inputs from bug reports,
supporting automated test generation across diverse scenarios.

Lastly, the LLM Alone configuration showcases the highest RIEAR across both samples,
achieving 38.22% in both cases, reflecting its strength in identifying precise and relevant
inputs. However, it exhibits the lowest RIR, at 44.95% for all bug reports and 40.91% for
the “Implicit Input” subset. This performance drop highlights the LLM’s dependency on
explicit mentions or pre-extracted inputs to maintain diversity. Its vulnerability in less detailed
contexts limits its applicability in scenarios where explicit inputs are not provided.

These results emphasize the trade-offs among the evaluated methods. While Javalang
Only offers moderate diversity and precision, it struggles with implicit inputs. Regex +
Javalang excels in diversity but generates significant noise due to low precision. LLM Alone
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achieves the highest precision but lacks diversity, particularly in implicit contexts. In contrast,
BRMiner consistently balances input diversity and precision, maintaining stable performance
across varying bug report samples. This robustness highlights its practical applicability in
the automated extraction of relevant inputs from bug reports, enabling effective and efficient
test generation.

Summary of RQ2: The results, demonstrate BRMiner’s robust performance in extracting
relevant inputs across both all bug reports and the “Implicit Input” subset. With stable
metrics—RIR of 60.03% and 61.66%, and RIEAR of 31.71% in both cases—BRMiner
effectively balances input diversity and precision, showcasing its adaptability to varying
levels of detail in bug reports. Compared to alternative methods, Javalang Only shows
moderate performance but struggles with implicit inputs, Regex + Javalang achieves high
diversity at the cost of precision, and LLM Alone offers exceptional precision but lacks
input diversity. BRMiner’s consistent and balanced approach highlights its practical appli-
cability in extracting relevant inputs for automated test generation, even in challenging
scenarios.

6.3 [RQ3]: Effect of BRMINER-Extracted Inputs on Bug Detection Rate

Experiment Goal The goal of this experiment is to evaluate the effectiveness of BRMiner
in improving the bug detection capabilities of automated test generation tools, specifically
EvoSuite and Randoop. We aim to assess how incorporating various input extraction strate-
gies, including those derived from BRMiner, impacts the number of bugs detected compared
to baseline scenarios where no inputs are used.

Experiment Design This experiment evaluates the effectiveness of BRMiner in enhancing
the bug detection capabilities of automated test generation tools, specifically EvoSuite and
Randoop. The objective is to determine whether the inputs extracted by BRMiner from bug
reports can improve the performance of these tools in identifying software bugs compared
to scenarios where no external inputs are used (NoLit).

We employed a regression testing scenario, a common practice in software testing, to
assess the effectiveness of automatically generated test cases. In this approach, test cases
are generated on a fixed version of the software where the bug has been resolved, and then
these tests are executed on the buggy version to determine if they can detect the defect. This
methodology allows us to use the behavior of the fixed version as a reliable oracle, addressing
the challenge of determining whether a test has passed or failed (the oracle problem). While
we acknowledge that this approach assumes the availability of a fixed version, it provides a
controlled environment for a systematic comparison of different input strategies, making it a
practical method for evaluating the contributions of BRMiner. In real-world scenarios, where
a fixed version may not always be available, developers often manually verify the results,
which is time-consuming. This highlights the importance of further research into automated
test oracle generation, which we suggest as a future direction. The regression testing scenario
used in this study is inspired by previous work (Shamshiri et al. 2015) that successfully applied
this methodology to evaluate automatic test generation tools. The overall process, depicted in
Fig. 7, involves generating test cases on the fixed version of the software and then executing
these tests on the buggy version to measure their bug detection effectiveness.
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Fig.7 Overview of the methodology used to design the bugs detection experiments

To assess the impact of BRMiner, we conducted experiments using the following input
strategies:

NoLit: A baseline scenario where no specific inputs are provided to EvoSuite or Randoop.
ProjLit: Uses project-specific literals extracted from bug reports.

— AllLit: Incorporates all literals from all projects.

— ProjLitLLM: Project-specific literals filtered through BRMiner with LLM.

— AlILitLLM: All project literals filtered through BRMiner with LLM.

— ProjLitLLMOnly: Inputs generated solely by LLM for each project.

— AlILitLLMOnly: Inputs generated solely by LLM across all projects.

In Table 5, the terms “ProjLit” and “AllLit” refer to configurations where only the Regex
+ Javalang approach was used. These configurations allow us to compare the effectiveness
of using literals from different sources, both with and without the filtering and generation
capabilities of LLM, to determine the most effective strategy for enhancing bug detection.

The experiments were conducted on the Defects4J dataset, featuring real-world software
bugs across multiple projects. Test cases were generated using EvoSuite and Randoop under
the various input strategies, with each experiment allocated a three-minute time budget per
iteration over five iterations to ensure robust results. Certain projects, such as JacksonXml,
Mockito, and Closure, were omitted from some experiments due to limitations in EvoSuite’s
ability to generate tests or issues with non-compilable test cases. Additionally, Randoop failed
to execute tests for Compress, JacksonDatabind and JacksonXml, for Cli, Csv, and Math,
it executed but did not generate error-revealing tests, influencing the overall bug detection
outcomes.

We analyzed the number of bugs detected by each input strategy, the number of test cases
generated, and the overlap of bugs detected across different strategies. This comprehensive
analysis provides insights not only into the number of bugs detected but also into the specific
contributions of BRMiner and its ability to enhance the effectiveness of automated test
generation.

Experiment Results The results, summarized in Table 5 (All Bug Reports and “Implicit
Input” Sample), demonstrate that BRMiner, significantly enhances the bug detection capa-
bilities of automated test generation tools such as EvoSuite and Randoop. Across all bug
reports, the AIILitLLM scenario detected the highest number of bugs (313 with EvoSuite
and 111 with Randoop), surpassing the baseline NoLit scenario (295 with EvoSuite and 93
with Randoop). The ProjLitLLM configuration also showed strong performance, detecting
311 bugs with EvoSuite and 107 with Randoop, underscoring the value of project-specific
inputs. These results confirm that integrating BRMiner’s comprehensive input extraction,
especially when enhanced by LLM filtering, substantially improves bug detection rates com-
pared to scenarios without input extraction (baselines).
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In the “Implicit Input” subset, BRMiner’s configurations maintained robust performance.
The AIILitLLM scenario again achieved the highest detection rates (176 with EvoSuite
and 59 with Randoop), demonstrating BRMiner’s ability to extract and utilize relevant
inputs even when explicit mentions are absent. The ProjLitLLM configuration followed
closely, detecting 174 bugs with EvoSuite and 57 with Randoop. This consistency high-
lights BRMiner’s adaptability to varying levels of input detail, reaffirming its effectiveness
in real-world testing scenarios.

Among the evaluated configurations, BRMiner consistently achieved the highest bug
detection rates across both samples, with minimal performance degradation in the absence of
explicit inputs. This reliability emphasizes its robustness in extracting and filtering relevant
inputs, even in challenging contexts. The integration of LLM filtering ensures that the most
relevant data is prioritized for test generation, significantly boosting the utility of extracted
inputs. In contrast, the NoLit baseline detected fewer bugs, underscoring the critical role of
extracted inputs in improving automated test generation. The ProjLit and AllLit configu-
rations, while improving detection rates compared to NoLit, were surpassed by BRMiner,
illustrating the added value of contextual filtering. Finally, the LLMOnly configurations
detected fewer bugs than their BRMiner counterparts, highlighting the importance of com-
bining pre-extraction methods with LLM filtering to maximize the utility of extracted inputs.

The results presented in Table 6 (All Bug Reports and “Implicit Input” Sample) demon-
strate a clear relationship between the number of tests generated and the bugs detected across
different scenarios. Across both samples, BRMiner configurations that incorporate LLM fil-
tering, particularly the AIILitLLM scenario, consistently achieve the highest bug detection
rates while generating fewer tests compared to other configurations.

For all bug reports, the AIILitLLM scenario detected the highest number of bugs (313
with EvoSuite and 111 with Randoop) while generating fewer tests (144 248 with EvoSuite
and 6294 with Randoop), reflecting an efficient balance between test generation and bug
detection. Similarly, the ProjLitLLM scenario also performed well, detecting 311 bugs
with EvoSuite and 107 with Randoop while generating slightly more tests (145291 with
EvoSuite and 6731 with Randoop). In contrast, the NoLit baseline generated the most
tests (148246 with EvoSuite and 6 568 with Randoop) but detected fewer bugs (295 with
EvoSuite and 93 with Randoop), indicating inefficiencies in converting generated tests into
detected bugs.

In the “Implicit Input” subset, BRMiner maintained robust performance. The AIILitLLM
scenario again detected the highest number of bugs (176 with EvoSuite and 59 with Ran-
doop) while generating fewer tests (79375 with EvoSuite and 3173 with Randoop),
underscoring its capability to extract and leverage relevant inputs effectively even in less
detailed bug reports. Similarly, the ProjLitLLM scenario followed closely, detecting 174
bugs with EvoSuite and 57 with Randoop while generating slightly more tests (69 411 with
EvoSuite and 3397 with Randoop). The baseline NoLit scenario continued to demonstrate
lower efficiency, generating the most tests (89 624 with EvoSuite and 4201 with Randoop)
while detecting fewer bugs (154 with EvoSuite and 46 with Randoop).

These findings highlight the effectiveness of BRMiner’s LLM-filtered configurations, par-
ticularly AILitLLM, in achieving high bug detection rates with fewer tests. This efficiency
stems from the use of well-filtered inputs, which prioritize relevant data and reduce noise
during test generation, thus enhancing the overall effectiveness of automated testing tools
like EvoSuite and Randoop.
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Table 7 demonstrates the robustness of BRMiner in detecting both unique and intersection-
based bugs across different input strategies. BRMiner consistently detected all bugs identified
by other configurations, including unique bugs captured by the Regex + Javalang and NoLit
baselines. In EvoSuite, the AlILitLL.M scenario, leveraging inputs extracted from all projects,
was particularly effective, detecting all 13 unique bugs identified by the NoLit baseline in
the “All Bug Reports” sample and capturing additional unique bugs missed by other meth-
ods. This cross-project input strategy significantly broadened the scope of relevant inputs,
allowing BRMiner to address bugs that would otherwise remain undetected. Similarly, in
the “Implicit Input” subset, the ProjLitLLM and ANLitLLM configurations maintained
their effectiveness, demonstrating resilience and adaptability even when explicit inputs were
absent from the bug reports.

For Randoop, BRMiner exhibited similar robustness, consistently detecting all bugs found
by other configurations, including the unique bugs identified by the NoLit baseline. The
inclusion of cross-project inputs in the AIILitLLM scenario further enhanced its utility, as
it allowed the tool to capture a broader range of relevant inputs that improved bug detection
coverage. These results underscore the added value of combining project-specific inputs
(ProjLitLLM) with a comprehensive cross-project approach (AIILitLLM) to maximize
bug detection potential.

These findings highlight BRMiner’s ability to enhance bug detection coverage by leverag-
ing both project-specific and cross-project input extraction strategies, augmented with LLM
filtering. This comprehensive approach ensures the identification of a wide range of bugs,
including those overlooked by traditional methods such as Regex + Javalang. The adaptabil-
ity of BRMiner across both samples demonstrates its practical utility for real-world testing
scenarios, enabling consistent performance regardless of the level of input explicitness in
bug reports.

Table 8 and its counterpart for the “Implicit Input” sample highlight the unique bugs
detected using inputs exclusively extracted by BRMiner across different input strategies.
Across both samples, BRMiner demonstrated remarkable capability in detecting 58 unique
bugs, with 13 of these bugs being identified exclusively by BRMiner when applied to all bug
reports. In the “Implicit Input” subset, BRMiner retained its strength, identifying 27 unique
bugs, including 7 detected exclusively by its inputs.

The inclusion of both project-specific (ProjLit) and cross-project (AllLit) inputs signif-
icantly broadened the range of detected bugs. Notably, the AllLit and P N A (intersection
of project and all literals) strategies allowed BRMiner to capture hard-to-detect bugs, fur-
ther demonstrating the benefits of combining project-specific contextual knowledge with
broader, cross-project insights. For instance, the cross-project approach in AllLit contributed
to uncovering 16 unique bugs in the all bug reports sample and 8 in the “Implicit Input” subset,
reinforcing the value of leveraging diverse input sources.

These results emphasize BRMiner’s role not only in improving overall bug detection rates
but also in addressing unique and critical bugs often missed by traditional methods. The
consistent detection of unique bugs across both samples highlights BRMiner’s adaptability
and the advantages of its integrated extraction and filtering approach, particularly when
enriched by cross-project inputs. This makes BRMiner a vital tool for enhancing software
robustness by capturing a wider spectrum of defects, even in challenging scenarios with
limited input explicitness.
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LLM Alone
No  Proj All
Lit

All

BRMiner
No Proj
Lit

All

Regex + Javalang
Proj

No

Intersection and unique bug detection results for EvoSuite With All the bug reports

Table 7 continued

Projects

I8

Springer

Lit

Lit

Lit

Lit

Lit

Lit

Lit

Csv

Gson

1
0
0

JacksonCore
Databind

JacksonXml

18

22

23

Jsoup

JxPath
Lang

15
25

16

32

18
30

Math
Time
Total

125

136

12 14 129

13

10

Intersection and unique bug detection results for Randoop With All the bug reports

Cli

Codec

Collections

Csv

Gson

0

JacksonCore

35

35

35

Jsoup

JxPath
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Table 8 Unique bugs detected using BRMiner-extracted inputs and Regex + Javalang across various projects

With All the bug reports

Bug-ID ProjLit AllLit PNA Bug-ID ProjLit AllLit PNA
Cli-12 0 0 1 Jsoup-13 0 0 1
Cli-26* 0 0 1 Jsoup-34 0 0 1
Cli-28 0 1 0 Jsoup-48 0 0 1
Cli-33 0 0 1 Jsoup-51 0 0 1
Cli-36 0 0 1 Jsoup-54 0 1 0
Cli-7* 0 1 0 Jsoup-6 0 0 1
Cli-9* 1 0 0 Jsoup-67 1 0 0
Codec-1* 0 0 1 Jsoup-73 0 0 1
Codec-16 1 0 0 Jsoup-80 0 0 1
Codec-3 0 1 0 JxPath-1 0 1 0
Codec-8* 0 1 0 JxPath-11 1 0 0
Compress-15 0 0 1 JxPath-2 0 0 1
Compress-32* 0 0 1 JxPath-20 0 0 1
Compress-39* 0 0 1 Lang-20 0 0 1
Compress-47 1 0 0 Lang-24 0 1 0
Csv-15 1 0 0 Lang-31* 0 0 1
Csv-7 0 0 1 Lang-42 0 0 1
Gson-11 0 1 0 Lang-58 0 0 1
Gson-15%* 1 0 0 Lang-60 1 0 0
Gson-6* 0 1 0 Lang-62 0 0 1
JacksonCore-12 1 0 0 Math-104 0 1 0
JacksonCore-13 0 0 1 Math-105 0 1 0
JacksonCore-21 1 0 0 Math-17 0 1 0
JacksonCore-24* 0 1 0 Math-2 0 0 1
JacksonCore-26* 0 0 1 Math-43 0 1 0
JacksonDatabind-16 1 0 0 Math-48 0 1 0
Jsoup-10* 0 0 1 Math-50 0 1 0
Jsoup-12 1 0 0 Math-72 0 0 1
Math-79 1 0 0 Math-86 0 0 1
ProjLit AllLit PNA
Total 13 16 29
With The “Implicit Input” sample
Cli-12 0 0 1 Jsoup-34 0 0 1
Cli-26* 0 0 1 Jsoup-67 1 0 0
Cli-33 0 0 1 JxPath-1 0 1 0
Cli-9* 1 0 0 JxPath-11 1 0 0
Codec-8* 0 1 0 JxPath-20 0 0 1
Compress-32* 0 0 1 Lang-20 0 0 1
Compress-39* 0 0 1 Lang-42 0 0 1
Csv-15 1 0 0 Lang-60 1 0 0
Gson-11 0 1 0 Math-17 0 1 0
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Table 8 continued

With All the bug reports

Bug-ID ProjLit AllLit PNA Bug-ID ProjLit AllLit PNA
Gson-15%* 1 0 0 Math-2 0 0 1
Gson-6* 0 1 0 Math-43 0 1 0
JacksonCore-26* 0 0 1 Math-48 0 1 0
JacksonDatabind-16 1 0 0 Math-50 0 1 0
Math-72 0 0 1 Math-86 0 0 1
ProjLit AllLit PNA
Total 7 8 12

The table presents bugs uniquely detected using project-specific literals (ProjLit), all literals (AllLit), and
their intersection (P N A). Bugs marked with an asterisk (*) were exclusively detected by BRMiner, totaling
13 in the “All Bug Reports” sample and 7 in the “Implicit Input” sample. Values represent the detection status
across five test iterations, where 1 indicates successful detection and 0 indicates no detection

Summary of RQ3:BRMiner, outperforms alternative methods like Regex + Javalang and
LLM Alone in bug detection. Across both samples, it identified 58 unique bugs missed
by NoLit, including 13 in the all bug reports sample and 7 in the “Implicit Input” subset.
The AllLit and AlILitLLM configurations, leveraging cross-project inputs, significantly
enhanced its ability to detect critical and hard-to-find defects. Additionally, BRMiner
achieved higher bug detection efficiency by generating fewer tests while maintaining strong
detection rates. Its adaptability to varying input explicitness and use of advanced filtering
techniques solidify its role in improving automated test generation tools like EvoSuite and
Randoop, enhancing software reliability.

6.4 [RQ4]: Effect of BRMINER-Extracted Inputs on Code Coverage

Experiment Goal The objective of this experiment is to evaluate the impact of BRMINER-
extracted inputs on the code coverage achieved by automatically generated test cases.
Specifically, the experiment aims to determine whether incorporating inputs extracted by
BRMINER from bug reports can improve the coverage metrics of the generated tests com-
pared to those generated without any external inputs. This evaluation is crucial to understand
the extent to which these inputs contribute to more thorough testing, thereby enhancing the
detection of potential defects.

Experiment Design To assess the impact of BRMINER-extracted inputs on test adequacy, we
conducted a series of experiments focusing on key code coverage metrics, including branch,
instruction, method, and line coverage. These metrics provide a quantitative measure of how
extensively the test suite exercises the software code. The experiments were conducted using
both EvoSuite and Randoop as the test generation tools on a selection of projects from the
Defects4] dataset.

For this experiment, we selected some recent versions of the same projects in the Defects4]J
dataset. The selected projects and their versions are as follows: Apache Commons Cli 1.5.0,
Apache Commons Codec 1.15, Apache Commons Collections 4-4.4, Apache Commons
Compress 1.2.1, Apache Commons Csv 1.9.0, Gson 2.9.1, Jackson-core 2.14-rc2, Jackson-
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dataformat-xml 2.14.0-rc2, Jackson-databind 2.14.0-rc2, Jsoup 1.15.3, Apache Commons
Jxpath 1.3, Apache Commons Lang 3-3.12.0, Mockito 4.8.1, Joda Time 2.12.0. We excluded
projects Closure and Math because either Evosuite crashed, failed to generate tests, or gen-
erated uncompilable tests.

The experimental setup was the same as in Section 6.3, each class had a three-minute time
limit for test generation, with experiments conducted five times to ensure reliable results.
The coverage was measured using the JaCoCo tool®, a widely used coverage measurement
tool in the literature.

Experiment Results The branch coverage results in Table 9 demonstrate that incorporating
inputs extracted by BRMiner significantly improves code coverage in many projects. The
configurations ProjLitLLM and AIILitLLM consistently achieved the highest branch cov-
erage, notably in projects such as Codec (41.0%), Collections (50.0%), Compress (50.0%),
and Jsoup (50.0%). These results highlight the effectiveness of LLM filtering in refining test
inputs, leading to more comprehensive exploration of program branches. Across both sam-
ples, the AlILitLLM configuration consistently outperformed the baseline NoLit scenario in
most projects, underscoring the importance of leveraging inputs extracted from cross-project
bug reports. In the “Implicit Input” subset, the AlILitLLM configuration maintained high
branch coverage, further demonstrating its adaptability to varying levels of input detail. Evo-
Suite, enhanced by BRMiner’s inputs, consistently surpassed the NoLit baseline in branch
coverage across projects, reinforcing the utility of advanced input extraction and filtering
techniques for improving automated test generation.

The results in Table 10 highlight the significant improvements in instruction coverage
achieved by incorporating BRMiner-extracted inputs. Across both samples, configurations
such as ProjLitLLM and AIILitLLM consistently outperformed the baseline NoLit sce-
nario. For example, in the “All Bug Reports” sample, the AlILitLLM configuration achieved
coverage rates of 99.0% for Cli, 99.0% for JacksonCore, and 98.0% for Jsoup, demonstrat-
ing its ability to identify and test a wider range of program instructions. Similar trends were
observed in the “Implicit Input” subset, with AIILitLLM maintaining high coverage, such
as 97.5% for JacksonCore and 96.5% for Cli. Randoop, while achieving generally high cov-
erage across configurations, showed less pronounced improvements with LLM-enhanced
inputs compared to EvoSuite. However, the consistent performance of BRMiner’s inputs
across both tools underscores its adaptability and effectiveness.

The method coverage results (Table 11) demonstrate the consistent effectiveness of
BRMiner-extracted inputs in achieving high coverage across both the “All Bug Reports”
and “Implicit Input” samples. Configurations such as ProjLitLLM and AILitLLM achieved
exceptional performance, often reaching 100.0% method coverage in several projects, includ-
ing Cli, JacksonCore, and Jsoup. This highlights their ability to ensure comprehensive testing
by exercising all methods in the software. In the “All Bug Reports” sample, configurations
leveraging cross-project inputs (AllLit, AIILitLLM) consistently matched or exceeded base-
line coverage levels, underscoring the utility of incorporating diverse and refined inputs from
multiple projects. Similar trends were observed in the “Implicit Input” subset, where All-
LitLLM maintained high coverage, further validating the robustness of BRMiner in scenarios
with limited input explicitness.

The line coverage results (Table 12) highlight the benefits of incorporating BRMiner-
extracted inputs into the test generation process. The AIILitLLM configuration consistently
achieved the highest line coverage across multiple projects, with notable levels such as

9 https://github.com/jacoco/jacoco
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98.8% for Cli, 89.0% for Codec, 99.6% for JacksonCore, and 99.9% for Jsoup in the “All
Bug Reports” sample. Similar trends were observed in the “Implicit Input” subset, where
AlILitLLM maintained superior coverage, showcasing its robustness and adaptability. These
results demonstrate that BRMiner-enhanced inputs reliably outperform the baseline NoLit
configuration, underscoring their effectiveness in improving the comprehensiveness of the
generated test suites. By leveraging refined inputs, BRMiner enhances the capabilities of
automated test generation tools like EvoSuite and Randoop, contributing to better software
testing outcomes.

Summary of RQ4: Integrating BRMiner-extracted inputs into the test generation process
significantly improved code coverage across projects, with gains up to 2.0% in branch cov-
erage, 3.0% in instruction coverage, 1.5% in method coverage, and 3.6% in line coverage
compared to the NoLit baseline. These improvements were observed in both the “All Bug
Reports “sample and the “Implicit Input” subset, demonstrating BRMiner’s adaptability to
varying levels of input detail in bug reports. Projects like JacksonCore, Jsoup, and JxPath
benefited notably from LLM-filtered, cross-project inputs, which enhanced the diversity
and relevance of test cases. While the percentage gains might appear modest, they are
meaningful given EvoSuite and Randoop’s high baseline coverage. The results emphasize
BRMiner’s role in complementing these tools, promoting broader test coverage, reducing
the likelihood of missed defects, and supporting higher software quality and reliability.

7 Discussion

This section discusses the potential threats to validity, limitations of our study, and suggestions
for future work, along with a comparison to related work.

7.1 Threats to Validity

Our study, while comprehensive, is subject to several validity threats that need to be addressed
to strengthen the reliability of our findings. One of the primary threats is related to the
generalizability of our results. Although we utilized a diverse set of projects from Defects4],
the applicability of our findings to other software systems, particularly those that differ in
size, complexity, or domain, may be limited. The effectiveness of BRMiner in extracting
relevant inputs can be highly dependent on the nature of the bug reports, the structure of test
cases, and the programming languages used. To mitigate this threat, we adopted rigorous
experimental methodologies and conducted multiple iterations across varied projects, but the
limitation remains that our conclusions may not be universally applicable.

An important threat to validity lies in the reliance on the Large Language Model (LLM)
for classifying bug reports into categories (No Inputs Mentioned, Explicit Input Mention, and
Implicit Input Description). While the LLM demonstrated strong performance with an overall
accuracy of 95.07% and a discrepancy rate of 4.93%, classification errors, even at a low rate,
could introduce bias into the subsequent analysis. To mitigate this risk, we conducted human
validation on arepresentative 10% sample of bug reports. However, the potential for subjective
differences between human reviewers and the LLM’s classifications remains a limitation. The
reliance on the LLM was motivated by the need to process a significant dataset efficiently,
as manual classification of thousands of bug reports would be prohibitively expensive and
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time-consuming. This trade-off between scalability and potential inaccuracies in the LLM’s
classifications underscores the practical challenges of large-scale studies. Future work could
explore ensemble approaches, additional validation steps, or semi-automated methods to
further enhance classification reliability while maintaining scalability.

Another concern arises from the potential discrepancies between different software ver-
sions, which could impact the relevance of the extracted inputs. Bug reports may pertain to
older versions, while significant changes could have been implemented in newer versions,
potentially altering the context in which the bug manifests. BRMiner is not specifically
designed to address these discrepancies across software versions, but this limitation is some-
what mitigated by the versatility of automated test generators, which use a variety of inputs
to cover diverse execution paths. Although version differences may influence the relevance
of some inputs, the broad range of generated test cases typically ensures robust coverage.
Future work could enhance BRMiner by incorporating an input prioritization system that
adapts to version-specific differences, thus further strengthening its effectiveness.

One limitation of our approach is that EvoSuite generates assertions based on the current
execution state of the program. In cases where the program contains bugs, the generated
assertions may reflect incorrect or unintended behavior, which could reduce the effectiveness
of bug detection. This limitation should be considered when interpreting the results, as the
generated test cases may not always accurately reflect the correct expected behavior. While
this issue was not addressed in our current experiments, future work could explore alterna-
tive oracle generation techniques to mitigate this limitation. In our study, we addressed the
oracle problem by generating test assertions using the fixed version of the software and then
executing these tests on the buggy version in a regression testing scenario. This approach
ensures that the assertions are based on the correct behavior (ground truth) of the fixed ver-
sion. Consequently, test failures on the buggy version reliably highlight discrepancies caused
by the bug, effectively supporting bug detection. However, this methodology relies on the
availability of fixed versions, which is not always feasible in real-world scenarios where
developers are addressing new bugs. In such cases, assertions generated from the buggy state
may capture incorrect behavior, reducing their utility in detecting bugs. This reliance on
fixed versions limits the applicability of our approach to “in-the-wild” environments, where
open bug reports are the primary resource available. Future research could explore alternative
techniques for generating test oracles without depending on fixed versions. Such approaches
could include leveraging historical data, symbolic execution, or advanced machine learning
models to infer expected behavior directly from the buggy state or related documentation.
These advancements would make BRMiner more effective in scenarios where fixed ver-
sions are unavailable, providing a more realistic assessment of its utility in practical software
development environments.

Another potential limitation is related to input scarcity in less popular projects. The effec-
tiveness of BRMiner assumes the availability of a substantial number of bug reports, which
may not be the case for newer or less popular software projects. This assumption could limit
the generalizability of our approach. However, BRMiner mitigates this by providing a valu-
able database of pre-extracted inputs, which can bootstrap the testing process even in the
absence of extensive bug report histories. This feature is particularly beneficial for smaller
projects or those using common Java libraries, enabling comprehensive test case generation
regardless of the project’s size or age.

To enhance the real-world applicability of BRMiner, future work could explore its use in
live systems where bug reports are actively being resolved. This could involve integrating
BRMiner into a continuous integration pipeline, allowing it to automatically extract inputs
from incoming bug reports and generate targeted test cases to catch bugs before they reach
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production. Such integration would demonstrate the practical utility of BRMiner in ongoing
software development processes, thereby extending its relevance beyond controlled experi-
ments.

While Large Language Models (LLMs) are highly capable of extracting relevant inputs
from bug reports, they are not infallible. There is a risk that LLMs may extract irrelevant
or incorrect inputs, particularly in cases where the extracted data does not fully align with
the context of the bug report. This poses a threat to the validity of the generated test cases,
as the inclusion of such inputs could lead to test failures unrelated to the reported bug or
missed opportunities to test the correct behavior. Given the scope of this study, no additional
verification steps were applied to further refine the extracted inputs. Future work could focus
on incorporating filtering mechanisms or more sophisticated extraction techniques to enhance
precision and mitigate this limitation.

Our study identified that only 44.37% of bug reports from our dataset contain explicit
mentions of test inputs, while the remaining majority provide inputs implicitly or describe
issues in general terms. This finding supports the effectiveness of BRMiner’s approach in
extracting relevant inputs, even when these are not directly specified in bug reports. However,
we acknowledge that the presence of explicit input mentions in some reports could have
facilitated the extraction process, potentially making the task easier for BRMiner in those
cases. This reliance on explicit mentions, though relatively infrequent, represents a potential
bias in our results and is considered a limitation in our evaluation of BRMiner’s performance.

A potential threat in our approach relates to data leakage when utilizing Large Language
Models (LLMs) like the one used in BRMiner. Data leakage occurs when information from
the training data inadvertently influences the model’s outputs, potentially compromising the
validity of the results. While we have taken steps to mitigate this risk by only using the
content of bug reports and avoiding the inclusion of project names, source code, or other
identifiable details, the possibility of data leakage cannot be fully eliminated. LLMs are
trained on vast datasets that may include portions of publicly available code repositories,
raising the risk that the model might recall specific details from its training. This could lead
to biased input extractions that do not reflect genuine discovery of relevant data. Although
the inputs extracted in our study are abstract and generic, and further processed to minimize
exposure of sensitive information, this limitation should still be considered when interpreting
the results. Future studies could further mitigate this risk by anonymizing project-specific
identifiers or employing obfuscation techniques during input extraction, ensuring that LLMs
work with data more representative of unseen scenarios.

7.2 Limitations and Future Work

Our study has several limitations that need to be acknowledged. One of the key limitations
is the focus on a limited set of coverage metrics, primarily bug detection and code coverage.
While these metrics are crucial, they do not provide a complete picture of test suite qual-
ity. Future studies could incorporate additional metrics such as fault localization, test suite
efficiency, and maintainability to provide a more comprehensive assessment of BRMiner’s
impact.

Another limitation lies in the tokenization and input extraction process used in our exper-
iments. The tokenizer may not have captured all relevant inputs from bug reports and test
cases, potentially leading to an underestimation of BRMiner’s effectiveness. Conventional
tokenizers may miss certain inputs, especially those with complex patterns. While BRMiner
is designed to handle complex scenarios where literals may be involved in concatenations or
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method calls, ensuring that the entire concatenated string or argument values are extracted
and used in test generation, there is room for improvement. Future research could explore
advanced tokenization techniques or machine learning-based approaches to enhance input
extraction accuracy.

Our study was also constrained by the time budget and the number of iterations con-
ducted. Due to resource limitations, we imposed a time budget of three minutes per iteration
and conducted a limited number of iterations. This constraint may have impacted the com-
pleteness of our results. Increasing the time budget and the number of iterations in future
experiments could yield more comprehensive data and potentially reveal additional insights
into BRMiner’s effectiveness.

The applicability of our findings across diverse software contexts is another area of con-
cern. Our evaluation was limited to projects in the Defects4J dataset, which, while diverse,
may not represent all possible software contexts. Future research should expand the evalua-
tion to include a broader range of software systems, programming languages, and domains.
This would help validate the generalizability of BRMiner across different types of software
and explore any language-specific challenges that may arise.

While BRMiner demonstrates the potential to leverage inputs from bug reports across
different projects, the relevance of these inputs may diminish when applied to projects that
do not share common libraries, frameworks, or domains. For example, inputs derived from a
project utilizing a web application framework may not translate effectively to a project based
on entirely different architectural principles. However, in cases where projects share widely
used libraries or dependencies-such as Log4J!0-the extracted inputs might have utility, as
suggested by the AlILit configurations. Although this aspect was not explicitly investigated
in this study, it warrants further exploration. Future work could systematically examine the
validation and contextual matching of cross-project inputs. Techniques such as dependency
analysis, functionality mapping, or domain similarity scoring could help identify relevant
inputs and filter out those less applicable. These advancements would enhance BRMiner’s
ability to extend its benefits to diverse projects, particularly those with limited bug report his-
tories, and promote more robust and comprehensive testing across varied software contexts.

Additionally, while our study focused on integrating BRMiner with EvoSuite, there is value
in exploring how BRMiner can be integrated with other test generation tools and techniques.
Broadening the scope of integration could enhance the applicability of our approach and
provide insights into its benefits across different test generation paradigms.

Lastly, addressing the challenge of input relevance across different software versions could
involve developing an input prioritization system that adapts to changes in software versions.
This would help maintain the relevance of test inputs and ensure that BRMiner remains
effective even as software evolves. Such advancements could further strengthen BRMiner’s
utility in dynamic and evolving software environments.

7.3 Related work
7.3.1 Automated Test Generation

In this section, we will discuss general approaches to automated test generation, focusing on
the tools and methodologies that are most relevant to our study.

10 https://logging.apache.org/log4j/2.x/index.html
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General Approaches to Automated Test Generation Shamshiri et al. (2015) evaluated the
effectiveness of automatic test case generators like EvoSuite, Randoop, and AgitarOne for bug
detection using the Defects4]J dataset in a regression scenario. This study forms a foundation
for understanding the efficacy of these tools in generating test cases but did not integrate
specific inputs for testing. The study’s use of older versions of EvoSuite and Defects4]
limits direct comparisons with our work. Almasi et al. (2017) conducted experiments with
EvoSuite for bug detection on a proprietary financial application, further exploring the tool’s
capabilities. However, the lack of access to their source code and bug reports prevents direct
comparison with our approach.

Enhancing Test Generation with Domain-Specific Knowledge TestMiner by Toffola et al.
(2017) proposed enhancing test generation by mining literals from existing tests to identify
domain-specific values, particularly for challenging classes. Although this method differs
from ours, which extracts literals from bug reports rather than existing tests, it provides
valuable insights into improving test generation by incorporating relevant inputs.

7.3.2 Bug Report-Based Test Generation

This section will focus on methodologies that utilize bug reports to enhance the test generation
process.

Compiler Testing with Bug Reports K-Config by Rabin and Alipour (2021) utilized code
snippets from GCC bug reports to improve the configuration of the Csmith test generator
for compiler testing. By analyzing bug reports, K-Config generated test programs that effec-
tively uncovered compiler bugs. While this study focused on compiler testing rather than
general software testing, it highlights the value of integrating bug report information into
test generation. LeRe by Zhong (2022) took a similar approach by extracting real programs
from bug reports to enhance compiler testing. The study introduced differential testing tech-
niques, which could enrich test programs and improve test quality, especially for compilers.
Although focused on compilers, this research emphasizes the importance of leveraging bug
reports for test generation, aligning with our approach but in a different domain.

Performance Testing from Bug Reports PerfLearner by Han et al. (2018) targeted perfor-
mance bugs by extracting execution commands and input parameters from bug reports. This
method improved the detection and understanding of performance bugs by using the extracted
information to guide the generation of performance test cases. Although it does not directly
involve generating tests for bug detection in the same way our study does, it demonstrates
the broader applicability of bug report-based approaches in various testing contexts.

7.3.3 LLM-Based Inputs for Test Generation

LLMs for Input Generation Liu et al. (2024) explored the potential of LLMs in generating
unusual text inputs that can be used to detect crashes in mobile apps. Their study demonstrates
how LLMs can be employed to create diverse and complex inputs, which aligns with our use
of LLMs for generating inputs in BRMiner. The insights from this work could inform future
enhancements of BRMiner, particularly in generating inputs that cover a broader range of
edge cases.
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White-Box Testing Empowered by LLMs Yang et al. (2023) examine the use of LLMs in
white-box compiler fuzzing. Their study shows how LLMs can assist in creating test inputs
that expose deeper and more intricate bugs in compilers. This approach shares similarities
with our work, where LLMs are used to filter and enhance the relevance of inputs extracted
from bug reports for test generation, though applied in a different domain.

LLMs for Variable Discovery in Metamorphic Testing Tsigkanos et al. (2023) focuse on
the use of LLMs to discover variables that can be used in metamorphic testing of scientific
software. This research highlights the ability of LLMs to understand and manipulate domain-
specific knowledge, which can be parallelized with our work’s use of LLMs to identify and
utilize relevant inputs from bug reports for more effective test generation.

8 Conclusion

In this paper, we presented BRMINER, an innovative approach that enhances automated test
generation by extracting and leveraging relevant inputs from bug reports. By integrating
these inputs into tools like EvoSuite and Randoop, BRMINER aims to improve bug detec-
tion and code coverage. Through comprehensive experiments on the Defects4] dataset, we
demonstrated BRMINER’s effectiveness across a wide range of projects and configurations.
Our findings revealed that BRMINER not only detected up to 18 additional bugs compared
to baseline configurations but also achieved significant improvements in branch, instruction,
method, and line coverage metrics.

Notably, BRMINER showed remarkable adaptability to varying levels of input explicit-
ness in bug reports. In the “Implicit Input” subset, where bug reports lacked direct mentions
of inputs, BRMINER still achieved substantial gains in both bug detection and coverage.
These results highlight the robustness of BRMINER’s input extraction and filtering mecha-
nisms, particularly when leveraging cross-project input diversity and LLM-based filtering.
The ability to perform well even in less descriptive bug report scenarios underscores its
potential applicability in real-world contexts where bug reports vary in quality and detail.

While BRMINER has shown promise in enhancing test generation, further research is
needed to evaluate its utility in dynamic, real-time development environments. Future work
will focus on integrating BRMINER into continuous integration pipelines and applying
it to live systems where bug reports are actively being resolved. Additionally, exploring
BRMINER’s capability to manage discrepancies across software versions and adapt to projects
with limited or sparse bug report histories will broaden its applicability.

In conclusion, BRMINER represents a significant advancement in bridging the gap between
bug reports and automated test generation. By addressing the limitations of traditional input
strategies and adapting to diverse bug reporting scenarios, BRMINER demonstrates its poten-
tial to improve software quality and reliability. The findings from both the comprehensive
and “Implicit Input” subsets highlight BRMINER’s versatility and effectiveness, paving the
way for its integration into modern software development workflows. This approach sets a
foundation for more robust, scalable, and context-aware software testing practices.
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