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Abstract

Automated test generation is a critical area of research in software engineering,
aiming to reduce manual effort while improving software reliability. While substantial
work has focused on statically typed languages, dynamically typed languages such as
JavaScript remain underexplored despite their widespread use and unique challenges.
This thesis investigates the current status of JavaScript test generation by systemati-
cally evaluating state-of-the-art search-based and large language model-based tools.

We first analyze existing benchmarks to assess their coverage of representative
language features, identifying gaps that limit the ability to fairly compare tool per-
formance. We then construct a curated dataset of real-world JavaScript projects and
evaluate the LLM-based tool TestPilot and the search-based tool SynTest using a com-
bination of quantitative metrics (e.g., code coverage, pass rates) and feature based
correlation analysis. Our results reveal that TestPilot tends to generate higher cover-
age (median 27.9% vs 11.2% branch coverage) and more readable tests but produces a
larger number of failing or low-value test cases, while SynTest generates more stable
and focused test suites yet can struggle with complex or dynamic code constructs. Our
similarity analysis shows that each approach achieved unique coverage, suggesting
complementary strengths.

This study highlights the need for standardized, language-aware benchmarks and
introduces a curated dataset and evaluation framework for evaluating JavaScript test
generation tools. By systematically comparing search-based and LLM-based approaches,
this thesis offers insights into their respective strengths, limitations, and opportunities
for hybrid strategies, advancing the state of automated testing for dynamically typed
languages.
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Chapter 1

Introduction

Software testing remains a critical yet challenging aspect of software engineering. It is of-
ten time-consuming, costly, and prone to human error especially as software systems grow
more complex [42]. For this reason, automated test case generation has become a highly
researched solution enabling developers to create test cases more efficiently, reducing man-
ual labor while maintaining high software quality [66] [60]. Among these approaches,
search-based software testing (SBST) has proven effective, with studies showing that it can
generate high-coverage test suites and achieve high fault detection [22] [48]]. However,
SBST-generated tests often lack readability, can be hard to maintain, and may get trapped
in local optima during the search process [18]] [33] [49]. To address these limitations, re-
cent research has explored Large Language Model (LLM)-based approaches, which not
only achieve high coverage but also produce more readable tests, capture intricate edge
cases, and generate natural language-based test inputs [[77] [[L6] [68]]. Test generation tech-
niques vary widely depending on the programming language’s characteristics, with different
methods often tailored to specific programming languages. Dynamically typed languages
(DTLs), such as JavaScript, are among the most popular programming languages today [[1]
[2]. However, their flexible type systems and runtime behaviors introduce distinct chal-
lenges for automated test generation [37]]. Despite their popularity, they are underexplored
in comparison to statically typed languages. Given their widespread usage and the lack of
proper benchmarking, it is essential to systematically evaluate and compare state-of-the-art
test generation tools to assess their effectiveness for these languages.

1.1 Problem Definition

Despite growing interest in automated test generation for JavaScript, there is a lack of stan-
dardized and representative benchmarks to evaluate and compare existing tools, compared
to other programming languages [30] [72] [65] [15] [31] [63] [21]. Tools are often assessed
on handpicked or popular projects without systematic selection criteria, raising concerns
about dataset bias, metric inconsistency, and result reproducibility [67] [56] [39].

This is particularly problematic for JavaScript, a DTL that lacks native type annota-
tions and introduces unique challenges such as prototype-based inheritance, asynchronous
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1. INTRODUCTION

execution, and dynamic object manipulation [[10] [7] [17]. These features complicate the
inference of expected behavior and increase the difficulty of generating meaningful test
cases.

Moreover, benchmarking remains an often overlooked aspect of test generation research
[21]] [48]. Current evaluations frequently rely on coverage metrics alone (e.g., statement or
branch coverage), offering little insight into why tools perform as they do or what language
aspects are adequately tested [67] [56]]. The lack of language-level evaluation and a unified
evaluation framework makes a fair, insightful comparison between techniques, especially
search-based and LLM-based approaches, difficult [4].

Thus, the core problem addressed in this thesis is the absence of robust, language-aware
benchmarks and standardized evaluation practices for JavaScript test generation. Without
these, it is difficult to compare tools fairly, assess their limitations, or improve their gener-
alizability. To address this, we evaluate existing benchmarks in terms of language feature
representation and propose a framework for assessing both datasets and tool performance.

1.2 Research aim and scope

In this study, we aim to:

* Investigate how existing JavaScript test generation tool benchmarks cover unique lan-
guage features relevant to test generation.

* Measure how current SOTA JavaScript test generation tools perform.

* Analyze potential reasons for tool performance variations based on code complexity
and language feature diversity.

Our hypothesis is that tools will potentially underperform on projects with complexities
or language features that are not represented in the benchmarks they were developed and
evaluated on. By addressing these aims, we seek to provide a deeper understanding of the
strengths and limitations of current tools and benchmarks, and to inform future improve-
ments in both areas. The specific research questions that follow from these research aims
are listed in Chapter [5]

Research on JavaScript testing often differentiates between front-end and back-end test-
ing. While covering all aspects of testing is challenging, the generalizability of LLM-based
tools gives them the potential to address a broader scope. In contrast, search-based tools
tend to focus primarily on one aspect, either front-end or back-end testing [134]] [41] [67]. As
a result, for fair comparison, the focus in this study will be on back-end testing in JavaScript.

1.3 Research Contributions

In this thesis, we investigate the effectiveness of automated test generation tools for JavaScript
by developing a comprehensive benchmarking framework. Our contributions can be sum-
marized as follows:



1.4. Thesis Outline

* Evaluation of Existing Benchmarks We analyze existing test generation bench-
marks on JavaScript language feature coverage and diversity to assess whether they
are suitable for fully evaluating the performance and generalizability of test genera-
tion tools.

* Benchmark We construct a well-curated dataset of JavaScript projects for evaluating
test generation tools comprised of diverse, representative and complex projects.

* Evaluation of Existing Tools We benchmark both search-based and LLM-based test
generation tools on the same dataset, assessing them in terms of code coverage and
feature-based strengths/weaknesses. This evaluation enables tool improvement and
further research in this field.

1.4 Thesis Outline

This thesis is structured as follows. Chapter 2 introduces the background on software test-
ing, automated test generation, benchmarking and the unique characteristics of JavaScript.
Chapter 3 reviews related work, focusing on both search-based and LLM-based test gener-
ation techniques, as well as existing comparative studies and highlights the current research
gap. Chapter 4 describes the design and construction of the benchmark dataset, including
the criteria for project selection and feature analysis. Chapter 5 explains the experimental
setup and evaluation procedures. Chapter 6 presents and analyzes the results of the compar-
ative evaluation. Chapter 7 offers a discussion of the findings and their threats to validity.
Finally, Chapter 8 concludes the thesis and outlines directions for future research.






Chapter 2

Background

This section provides an overview of key concepts relevant to this research, including soft-
ware testing challenges, automated test generation techniques, characteristics of JavaScript
and common evaluation metrics for test generation tools. This foundation will help contex-
tualize the analysis and benchmarking of JavaScript test generation tools discussed later in
this thesis.

2.1 Software Testing

Software testing is a fundamental practice in software development to ensure the correct-
ness, reliability and maintainability of software systems. By executing code under different
conditions, testing helps detect defects early in the development process, reducing the risk
of failures in production [42] [S)]. Understanding software testing concepts is essential for
contextualizing automated test generation techniques, which are the primary focus of this
thesis. The following subsections introduce the main types of software testing, the met-
rics and quality considerations used to evaluate test suites, and common challenges that
automated test generation aims to address.

2.1.1 Types of Software Testing

Software testing can be categorized into different levels based on the scope and purpose of
the tests [69]:

* Unit Testing: Focuses on testing individual components or functions in isolation.
Unit tests verify that small, self-contained pieces of code behave as expected.

* Integration Testing: Ensures that different components or modules work together
correctly. It verifies interactions between services, databases or APIs.

* System Testing: Validates the behavior of the complete system to ensure it meets
specified technical requirements. It tests the system as a whole in an environment
that closely mirrors production.
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* Acceptance Testing: Verifies whether the system meets the business requirements
and is ready for deployment. Typically performed from the end-user or stakeholder
perspective to ensure the system fulfills its intended use.

2.1.2 Goals and Metrics in Software Testing

Several metrics are commonly used to evaluate a test suite [24]:

* Code Coverage: Measures the proportion of code executed and tested by the test
suite (e.g. statement, branch and path coverage).

* Mutation Score: Evaluates the ability of tests to detect artificially injected faults.

* Fault Detection Rate: Assesses how effectively the test suite uncovers real defects
in the software.

In addition to these quantitative metrics, the quality of test cases is crucial. Poor test
quality can introduce test smells, which are indicators of problematic tests that may reduce
reliability, readability, or maintainability. Examples include:

* Mystery Guest: Tests that interact with external resources such as files or databases,
making them non-deterministic and harder to isolate.

» Eager Test: Tests that validate multiple functionalities in a single case, reducing read-
ability and increasing debugging difficulty.

* Assertion Roulette: Tests with multiple assertions lacking clear failure messages,
making it unclear which assertion caused a failure.

By combining quantitative metrics with attention to test smells, developers can improve
both the effectiveness and the maintainability of their test suites [50].

2.1.3 Challenges in Software Testing

Despite its advances, software testing faces several challenges. Writing comprehensive
test suites is time-consuming and requires deep knowledge of the system under test, often
leading to gaps in coverage [42]. Large and complex codebases make it difficult to sys-
tematically generate test cases that explore all possible execution paths [6] [32]. Ensuring
sufficient input diversity is another challenge, as manually crafted tests may not account for
uncommon edge cases or unexpected user behaviors [32]]. Furthermore, as software systems
evolve, existing tests may become outdated or need to be modified, increasing maintenance
overhead [64]. Addressing these challenges is essential for improving the efficiency, effec-
tiveness, and reliability of software testing.

Automated test generation aims to address these challenges by producing tests system-
atically and efficiently. Understanding these goals, metrics, and challenges provides the
necessary background for the analysis and benchmarking of automated test generation tools
discussed later in this thesis.
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2.2 Automated Test Generation

Automated test generation employs a variety of techniques to reduce manual effort and
produce diverse, high-quality test cases [6]. This section discusses different approaches,
including fuzzing, symbolic execution and concolic testing, search-based software testing
(SBST), and machine learning (ML) or large language model (LLM)-based software testing,
highlighting their strengths and limitations.

2.2.1 Fuzzing

Fuzzing is an automated testing technique that generates and mutates inputs to expose un-
expected behaviors, such as crashes and assertion failures [35]]. Its random nature allows it
to uncover non-trivial edge cases and security vulnerabilities. It is highly scalable and can
quickly test a wide range of inputs, making it effective at finding low-level bugs. While sim-
ple fuzzers rely on random generation, more advanced ones like AFL use coverage-guided
strategies to systematically explore input spaces [79]. However, fuzzing lacks semantic
awareness, often generating irrelevant inputs that fail to explore deeper execution paths.

2.2.2 Symbolic Execution & Concolic Testing

Symbolic execution explores program paths by treating inputs as symbolic variables, gener-
ating constraints to analyze execution behavior [6]. It offers high code coverage and precise
test case generation, making it effective for identifying assertion failures and exceptions.
Concolic testing improves symbolic execution by using concrete inputs to increase code
coverage [39]. Tools such as KEX [3]] and UnitTestBot [28] exemplify this approach, gen-
erating input values that exercise diverse execution paths and often achieving high branch
coverage. However, both methods face the issue of path explosion, where the number of
execution paths grows rapidly, limiting their scalability.

2.2.3 Search-Based Software Testing (SBST)

SBST formulates test generation as an optimization problem, using techniques like genetic
algorithms to evolve test cases toward specific goals, such as maximizing code coverage,
often with branch coverage as the fitness function [6]]. This approach provides guided ex-
ploration of the search space and can thus handle complex input structures and achieve high
coverage [21] [48] [37] [49]. Notable tools implementing these techniques include Evo-
Suite for Java [21] and Pynguin for Python [37]. However, evolutionary algorithms have
high computational costs due to the need for multiple test executions, and they may struggle
with local optima, where the search plateaus before finding optimal test cases [33] [49]. Ad-
ditionally, the generated tests can lack readability, making it harder to interpret and maintain
them [18]].
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2.2.4 Machine Learning and LL.M-Based Software Testing

Machine learning and LLMs use data-driven approaches to generate tests, learning patterns
from software repositories [29] [56] [33]. Compared to search-based techniques, LLMs
have more generalizability, produce more meaningful assertions, improve test readability
and can capture complex edge cases, especially with string inputs [4]] [[16] [68]. Tools such
as TestPilot [S6], ChatUniTest [16]], AgoneTest [36], and TestSpark [S5]] exemplify LLM-
based test generation. However, their effectiveness depends on training data quality, leading
to issues like hallucinations and data leakage [29] [4]. While LLM-based testing reduces
human effort, it may offer lower coverage and lacks explainability, making it harder to trust
the generated test cases.

2.3 JavaScript

JavaScript is a widely used programming language, particularly in web development. Ini-
tially created in 1995 as a scripting language for web browsers, JavasScript has evolved into
a full-fledged programming language used in both frontend and backend development, and
is one of the most popular languages today [2] [[1].

2.3.1 Characteristics and Features

Key features of JavaScript include first-class functions, dynamic typing, asynchronous pro-
gramming with promises and async/await, event-driven programming, and prototype-based
inheritance [17]]. These features provide flexibility and ease of use but also introduce chal-
lenges in debugging and maintainability due to their dynamic nature and sometimes unpre-
dictable behavior.

2.3.2 Testing Methods and Frameworks

JavaScript supports an ecosystem of libraries and frameworks that streamline development.
Popular frontend frameworks like React|'| Angular || and Vue.js[’| offer component-based
architectures, while backend frameworks such as Node.js El, Express El and NextJS Fjprovide
server-side solutions.

The type of testing required often depends on the framework or library used. For exam-
ple, React applications focus on component testing with JestlZ]and React Testing Library Iﬂ
while backend frameworks like Express may emphasize API and integration testing.

Unttps://react.dev/

Zhttps://angular.dev/

3https://vuejs.org/

4https:/nodejs.org/en

Shttps://expressjs.com/

Shttps://nextjs.org/

7https://jestjs.iof
8https://testing-library.com/docs/react-testing-library/intro/
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2.4. Evaluation and Benchmarking in Test Generation

Several frameworks facilitate testing in JavaScript. Jest is widely used for unit and
snapshot testing with built-in mocking, while Mocha E] and Chai m offer flexibility for unit
and integration tests. For end-to-end testing, Cypress E and Playwright E simulate real
user interactions, though the approach varies depending on the framework.

2.4 Evaluation and Benchmarking in Test Generation

Evaluating test generation techniques requires systematic benchmarking to compare their
effectiveness, efficiency, and applicability across different software projects. Benchmarks
provide standardized datasets and testing scenarios, enabling fair comparisons between test
generation tools. This section discusses the process of creating benchmarks, their role in
software testing research, the different types of benchmarks, and the key evaluation criteria
used to assess test generation approaches.

2.4.1 Benchmarks

Benchmarks serve as controlled environments for evaluating the performance of test genera-
tion tools. The choice of benchmark significantly impacts the extent to which the evaluation
reflects real-world performance, as it determines how well a test generation approach per-
forms across diverse software projects [21]].

A well-designed benchmark must accurately test the tools, techniques, and algorithms
under evaluation, ensuring it is both representative of real-world software and the program-
ming language’s characteristics [78]. This requires selecting complex and diverse projects
that capture real-world usage patterns. Benchmarks for test generation can be split into two
types: general projects [30]] [[73]] [65] and those specifically comprised of buggy code to
evaluate fault detection capabilities [31] [63]] [[74] [27]. Both types are useful, as they pro-
vide insights into how tools perform in typical development environments or in scenarios
where the goal is to identify and address software defects.

To ensure fairness, benchmarks must be unbiased, avoiding cherry-picked projects that
could favor a specific tool or produce unrealistic results. One common way to achieve
this is by collecting open-source projects from platforms like GitHub, which can provide
a broad and realistic sample [56] [29]. Ultimately, well-designed benchmarks are essential
for producing meaningful and comparable evaluations of test generation tools, guiding the
development of more effective approaches.

2.4.2 Evaluation Criteria

To assess the effectiveness of test generation tools, various evaluation criteria and metrics
are used. One of the most fundamental metrics is code coverage, which measures the extent
of which generated tests execute different parts of the program, including statement, branch,

9https://mochajs.org/
10https://www.chaijs.com/
https://www.cypress.io/
Zhttps://playwright.dev/
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and path coverage [24]]. Higher coverage indicates better test effectiveness, but it does not
necessarily guarantee fault detection [24].

Another important criteria is fault detection capability, which evaluates how well gener-
ated tests find bugs in software. Mutation testing, where artificial faults are introduced into
the program, is commonly used to measure this capability [52]].

Test suite size and redundancy are also considered when evaluating test generation tools.
A test suite should be minimal yet effective, avoiding excessive or redundant test cases that
do not contribute to additional coverage [44].

Beyond quantitative metrics, qualitative aspects such as readability and maintainability
of generated tests are important. Tests that are difficult to understand or maintain may be of
limited practical use, even if they achieve high coverage [12].

By combining well-designed benchmarks with appropriate quantitative and qualitative
evaluation criteria, researchers can comprehensively assess test generation tools. These
evaluations reveal not only how effectively a tool explores code and detects faults, but also
how usable and maintainable its generated tests are. In this thesis, these principles guide
the design of the benchmark and selection of metrics used to systematically compare SBST
and LL.M-based test generation tools for JavaScript, ensuring that the analysis reflects both
technical effectiveness and practical utility.

10



Chapter 3

Related Work

Automated test generation has been extensively studied across different programming lan-
guages, with research focusing on both search-based and machine-learning approaches.
This chapter provides an overview of prior work in the field covering different languages
and test generation techniques. Additionally, it examines existing benchmarks and evalua-
tion frameworks used to assess test generation methodologies. Finally, it highlights research
gaps, emphasizing the need for improved benchmarking and evaluation of test generation
tools for JavaScript.

3.1 Automated Test Generation

3.1.1 Java

For Java, researchers have made significant advancements in search-based software test-
ing, with its arguably most well-known and proven tool, EvoSuite [20]. EvoSuite, often
evaluated with highly optimized evolutionary algorithms like DynaMOSA [48]], has under-
gone extensive trials in various studies and tool competitions, showing its effectiveness in
producing high-coverage unit tests [4]] [21] [22] [48]] [68] [S1] [23]] [28].

LLM-based test generation has also gained traction for Java, with recent tools such
as ChatUniTest [16], AgoneTest [36], and TestSpark [55] showcasing how effectively large
language models can generate unit tests. Various studies demonstrate their ability to achieve
high-coverage with readable and meaningful tests [16] [68]]. However, challenges remain in
robustness, coverage, compilation rate and hallucinations [29] [4].

Researchers have also applied symbolic execution tools to Java for automated test gen-
eration, aiming to systematically explore program paths by reasoning about symbolic in-
puts. Tools such as KEX [3]] and UnitTestBot [28] use symbolic execution to generate input
values that cover different execution paths, often achieving high branch coverage.

3.1.2 Python

Similarly to Java, Python has recently seen substantial research in automated test gener-
ation, particularly in search-based testing, LLLM-based approaches and hybrid ones. Pyn-

11
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guin stands out as a dedicated SBST tool for Python, addressing the challenges posed by
Python’s dynamic typing [37]. Its effectiveness has been shown in winning the SBST unit
test competition 2024 [19] and in various evaluation studies [33] [29] [76] [38].

LLM-based test generation has also gained traction, with many recent tools and stud-
ies. Tools such as TestForge [29], an LLM-Agent approach to test generation, TELPA
[76l, an LLM-based tool with program-analysis-enhanced prompting and CoverUp [53], a
coverage-guided LLM-based approach, have all shown promising results. Many of these
tools compare their performance against Pynguin or the widely studied hybrid approach
CODAMOSA [33]. CODAMOSA, tested across various benchmarks, has demonstrated
how pre-trained language models can enhance search-based test generation by overcoming
coverage plateaus.

3.1.3 JavaScript

Despite JavaScript’s widespread use [2] [L], automated unit test generation for these lan-
guages has not seen a single tool gain significant traction. While various tools have been
researched, none have achieved the level of adoption or evaluation seen for the above men-
tioned Java and Python tools. A survey on JavaScript test generation highlights the unique
challenges posed by its dynamic typing, asynchronous execution, prototype-based inheri-
tance, and event-driven nature, making it a complex target for automated testing [7]. These
challenges, as well as the distinction between client-side (browser-based) and server-side
(Node.js-based) JavaScript, have led to many specialized tools instead of ones that general-
ize across different environments.

Artemis

Artemis is one of the earliest automated test generation tools for JavaScript web applications
[L1]]. It uses feedback-directed random testing, generating test inputs based on execution
data from previously generated inputs. However, it is focused on event handlers in web
applications and does not support modern JavaScript features like async/await or modules,
limiting its applicability to modern projects.

SymJS

SymlS is a test generation tool that applies symbolic execution to JavaScript, allowing it
to systematically explore different execution paths [34]. However, like Artemis, SymJS
was designed with a focus on the generation of event sequences in client-side JavaScript,
limiting its applicability to modern Node.js applications.

JSEFT

JSEFT was also developed for event-driven testing for web applications, but it additionally
supports function level test generation [41]]. By analyzing the elements of the web applica-
tion, JSEFT extracts the states of JavaScript functions to create function-level unit tests.

12
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LambdaTester

LambdaTester was created to handle higher-order functions, which are common in JavaScript
[S8]. As such, it is particularly useful for testing functions that accept other functions as ar-
guments or return functions. LambdaTester does this by generating and improving callback
functions as inputs to the methods under test, focusing on how the callback is invoked.

Nessie

Nessie is also a unit test generation tool designed to support higher order functions [10].
However, unlike LambdaTester that only addresses the sequencing of method calls, Nessie
offers an approach for nesting API calls by using a tree structure instead of a simple se-
quence to represent test cases. Additionally, while LambdaTester only handles synchronous
callbacks, Nessie covers both synchronous and asynchronous callbacks. This is made pos-
sible through an automated API discovery phase that identifies which API functions accept
either type of callback.

SynTest

SynTest is a recent search-based test generation tool that utilizes unsupervised probabilistic
type inference approach to infer data types during the test generation process [67]. The
inference is done using one of two strategies, proportional sampling or ranking, both of
which rely on type hints obtained through static analysis. These inferred types are then in-
tegrated into the main loop of a search algorithm like DynaMOSA, a state-of-the-art genetic
algorithm for many-objective optimization [48]].

TestPilot

TestPilot is another recent tool that applies LLM-based test generation for JavaScript unit
testing [56]]. Unlike traditional methods that require additional training or few-shot learning
on example tests, TestPilot generates tests without the need for extra training or manual
effort. The tool takes a function’s signature and implementation, along with usage exam-
ples extracted from documentation, as input prompts for the LLM. If a generated test fails,
TestPilot re-prompts the model with the failing test and error message to produce a new test
that addresses the issue.

Summary

In summary, earlier JavaScript testing tools often targeted narrow use cases or older lan-
guage versions, limiting their relevance for general-purpose unit testing. Recent tools aim
for broader applicability, but they have not been thoroughly evaluated or benchmarked
against each other. This thesis aims to address this gap by systematically benchmarking
modern JavaScript test generation tools.

13
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3.2 Current Benchmarks and Evaluation

3.2.1 Benchmarks

Benchmarks for automated test generation differ significantly in their curation methods,
focus, and adoption across research. While some have become widely used across multiple
studies, others are tied to specific tools. The selection process varies, with some prioritizing
real-world diversity and complexity, others focus on fault detection with reproducible bugs
and many are constrained by tool-specific requirements.

SF110

One of the most widely used benchmarks, SF110, is a collection of Java projects from
SourceForge with a methodology designed to reduce bias [21]. It included both randomly
selected projects and the 10 most popular Java projects to counterbalance the risk of includ-
ing inactive, poorly maintained, or low-quality code. The study demonstrated how bench-
mark selection directly impacts evaluation results, as using arbitrary projects could skew
findings in favor of certain tools. To ensure reliability and variance, SF110 analyzed projects
with static analysis, measuring lines of code, number of files, testable classes, branches, and
cyclomatic complexity to provide a detailed characterization of the dataset.

SF110 has been widely used in tool evaluations [21]] [47] [48]] [68]] [25] [62] [46]. How-
ever, this widespread use raises concerns about potential bias, as tools like EvoSuite [20]]
may have been fine-tuned on the dataset, potentially compromising the validity of evalua-
tion results [4]. Additionally, studies have raised concerns on its true representativeness as
it mainly consists of low-complexity classes and small projects [[71].

Pynguin’s Benchmark

Other benchmarks are made with specific research questions in mind. Pynguin’s Python
benchmark prioritized projects with type annotations, specifically to investigate how type
information influences test generation [38]. Similarly to SF110, it applied static analysis to
assess code complexity, specifically measuring lines of code, number of modules, objects,
predicates, and types detected per project.

ChatTester’s Benchmark

ChatTester’s benchmark, another Java-focused benchmark, started with 4,685 GitHub projects
but filtered them to 185 well-maintained, high-quality projects based on criteria such as con-
tinuous updates, popularity (100+ stars), and successful compilation in Maven [[77]]. This
approach ensured that the projects were representative of actively used software.

Defects4])

Many benchmarks focus on fault detection rather than general test generation [31]] [63]] [[74]]
[27]. For example, Defects4J provides real-world Java bugs for mutation-based and fault-
detection testing [31]. However, its frequent use in LLM-based studies raises concerns
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about data leakage, as many Al models are trained on datasets containing the same projects

[4].

Data leakage

Studies like ChatUniTest address the issue of data leakage effects by incorporating newer,
unseen projects created after LLM training data was finalized, allowing for a more reliable
assessment of a model’s generalization ability [[16]]. Data leakage concerns is also one of
the motivating factors of the creation of the GitBug-Java dataset, made up of only recent
real-world bugs [63]]. As such, it has been used by recent comparative studies to mitigate
the effects of data leakage on evaluation results [4]].

3.2.2 JavaScript benchmarks

Unlike Java and Python, JavaScript lacks a standardized benchmark for test generation eval-
uation, and generally has far fewer benchmarks [71]]. Instead, existing benchmarks are tai-
lored to specific tools and evaluation needs.

Tool-Specific Benchmarks Some benchmarks are tailored to particular use cases. For
example, the benchmarks used in Artemis and JSEFT are centered on web-based applica-
tions, whereas LambdaTlester and Nessie focus on higher-order functions. Although these
benchmarks are useful for their intended domains, they do not generalize well to broader
categories of software projects.

SynTest Benchmark SynTest incorporates static analysis to ensure selected projects meet
a minimum cyclomatic complexity threshold of > 1, thereby avoiding trivial units [49]
[48]]. Although GitHub popularity metrics such as stars and forks are used to guide project
selection, it includes only a few projects, which appear cherry-picked to align with the
strengths of the tool itself. This raises concerns about potential bias, as the benchmark may
be partially engineered for the tool rather than serving as a general-purpose evaluation suite.

TestPilot Benchmark By also mining GitHub for projects, the TestPilot benchmark raises
concerns about data leakage, as many models are known to have trained on GitHub repos-
itories [54]. However, it mitigates this by including and evaluating projects from GitLab
in a separate analysis. Despite these efforts, TestPilot does not account for the complexity
of units under test. This limits the ability to draw conclusions about the tool performance
across varied levels of code complexity.

ProjectTest Benchmark The ProjectTest benchmark shares similar shortcomings [[73]. It
consists primarily of small projects selected based on GitHub stars, without clear strategies
to prevent data leakage despite being intended for evaluating LLLM-based test generation.
It also lacks complexity-based filtering, meaning the benchmark may not accurately reflect
the diversity and difficulty of real-world codebases.
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Challenges of a Generic JavaScript Benchmark JavaScript spans a wide range of frame-
works, runtime environments, and domains, from frontend web applications to backend
server-side code and diverse npm libraries. This diversity makes it difficult to design a sin-
gle benchmark that fairly represents all use cases. For this thesis, we focus specifically on
backend JavaScript and npm libraries, allowing us to evaluate test generation tools in a co-
herent and relevant subset of the language while acknowledging that conclusions may not
fully generalize to other domains.

Summary

Existing benchmarks highlight best practices and pitfalls in evaluating automated test gen-
eration tools. While some argue that diverse real-world projects capture language features,
this cannot be verified without systematic static analysis. Ultimately, the lack of a stan-
dardized, broadly used benchmark for JavaScript has led to inconsistencies in evaluations,
hindering fair comparison and progress in this field.

3.2.3 Existing comparative studies

Several studies have evaluated both search-based software testing (SBST) and LLM-based
test generation, though mostly in the context of languages like Java and Python. Some focus
on comparing SBST techniques against each other [49]] [38], while others assess the effec-
tiveness of different LLM-based approaches [[72] [36]] [73]. Additionally, tool competitions
have been used to compare these methods, with some for Java and Python [51]] [23] [28]]
[[19]], but none have been conducted for JavaScript.

Fairly comparing SBST, LLM-based, and hybrid approaches in test generation presents
a significant challenge, as these methods rely on fundamentally different underlying method-
ology and algorithms. SBST techniques typically explore the input space through guided
search, while LLM-based approaches leverage pretrained language models to generate code
based on natural language prompts or context. Hybrid methods may combine elements of
both, further complicating evaluation. Despite these differences, a few studies have pro-
posed methodologies that enable meaningful and fair comparisons across these paradigms,
setting a standard for research in this direction [4] [62]] [26] [29] [68]].

Despite these efforts, no comprehensive comparative study exists for JavaScript. While
research has examined SBST and LLM-based tools individually, there is no established
framework for evaluating them side by side in these languages.

3.3 Research Gap

To the best of our knowledge, there is no established, widely used benchmark for JavaScript.
Existing benchmarks focus on specialized subsets of JavaScript applications, or are curated
with lack of thought for diversity, complexity and often without considering comprehensive
language representation. This lack of standardization makes it difficult to fairly evaluate
generalized test generation approaches, particularly those that need to handle JavaScript’s
diverse and challenging features [7]].
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Furthermore, while comparative studies have assessed SBST and LLM-based test gen-
eration for other languages, no proper evaluations exist for JavaScript. As new tools emerge,
their effectiveness remains unverified in a structured, comparative manner, leaving a gap in
understanding how different approaches compare in these languages.

Therefore, in this study, we propose a benchmark and comparative evaluation frame-
work tailored for JavaScript unit test generation. Our approach focuses on assembling a
diverse and representative dataset of real-world projects, incorporating static analysis to
ensure variation in complexity and language features. By comparing both SBST and LLM-
based tools on this curated benchmark, we aim to provide the first structured comparison of
their effectiveness, strengths and weaknesses in these languages. This work lays the foun-
dation for more consistent evaluation practices and contributes to furthering automated test
generation research for JavaScript.
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Chapter 4

Benchmark Design

This chapter introduces the first part of our methodology, the design and curation of a bench-
mark tailored for evaluating JavaScript test generation tools.

Our goal is to curate a dataset that is diverse, complex, representative of real-world cod-
ing practices, and mindful of language-specific features and evaluation bias. This chapter
describes the process in four stages: the initial collection of candidate projects, the iden-
tification of JavaScript features of interest, the static analysis used to assess feature cov-
erage and complexity, and the final filtering that produces a balanced benchmark capable
of supporting fair and meaningful comparisons between search-based and LLM-based test
generation tools. Figure 4.1 summarizes the workflow of the benchmark design described
above.

Static Analysis Stage

N

Collect [ Identify Units Identify | Filtering &
Candidate : in Each Features & } Final
Projects } Project Complexity | | Selection

Figure 4.1: Pipeline illustrating the curation steps of the JavaScript benchmark.

4.1 Project Collection Strategy

To build the benchmark, we collected both JavaScript and TypeScript candidate projects
from a variety of sources. The initial pool included projects from existing benchmarks [[56]
[67] [13], as well as the most popular and actively maintained open-source projects hosted
on GitHub and GitLab. Using GitLab as an additional source helps mitigate data leakage,
since many models are trained on GitHub repositories [54]].

We based the selection of projects from GitHub and GitLab on the number of stars,
which serves as an indicator of project quality [[14]]. Additionally, all projects were required
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to successfully install and build using standard package managers, such as npm or pnpm, to
ensure environment compatibility for test execution.

The curated dataset includes both JavaScript and TypeScript projects. Since TypeScript
is largely a superset of JavaScript, we treat TypeScript code as JavaScript for the purposes
of analysis, noting tool limitations only where parsing TypeScript-specific constructs causes
failures.

4.2 Features representing JavaScript

To design a benchmark that effectively evaluates test generation tools, we first identify key
JavaScript features which can influence testing difficulty. JavaScript’s flexible nature intro-
duces unique characteristics that distinguish it from statically-typed, class-based languages
like Java. These features, such as dynamic typing, asynchronous behavior, and prototype-
based inheritance, pose challenges for automated test generation and can significantly im-
pact both the complexity of units and the coverage of test cases.

We selected the features discussed here based on the JavaScript documentationm and a
survey on dynamic analysis and test generation for JavaScript [[7]. These sources help high-
light the most challenging aspects of the language that can influence test generation. The
features either introduce non-trivial execution paths or create difficult-to-assert properties
within test cases, making them essential for evaluation in a benchmark.

Based on these resources, we consider the following features for our benchmark collec-
tion:

* Dynamically Typed: JavaScript’s dynamic typing makes it challenging to infer types,
especially when dealing with function parameters or object properties. This ambigu-
ity complicates property access and control flow, making it harder to explore execu-
tion paths effectively.

function add(a, b) {
return a + b; Could be number addition or string
concatenation
}
console.log(add (2, 3)); 5

console.log (add("2", 3)); "a23"

* Prototype-Based Inheritance: Unlike class-based languages, JavaScript relies on
prototype chains, where objects can inherit properties and methods from other ob-
jects. Tools need to handle dynamic property lookups and inheritance chains effec-
tively to ensure full coverage in test cases.

function Animal (name) { this.name = name; }
Animal.prototype.speak = function() {
console. log (this.name + " makes a noise.");

Vi

Uhttps://developer.mozilla.org/en-US/docs/Web/JavaScript
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function Dog (name) {
Animal.call (this, name);

}
Dog.prototype = Object.create (Animal.prototype);

new Dog ("Rex") .speak ();

* Asynchronous Programming: JavaScript’s asynchronous nature, with constructs
like Promises and async/await, introduces additional complexity. Test generation
tools must consider both asynchronous error handling (e.g., .catch()) and syn-
chronous error handling (e.g., try-catch), as well as the potential for race conditions
or non-deterministic behavior that could affect execution paths.

async function fetchData () {

try {
let res = await fetch (’https://example.com’);
console. log (await res.text ());

} catch (err) {
console.error ("Error:", err);

}
fetchData () ;

* Closures: JavaScript closures allow variables to persist within the scope of a func-
tion, even after it has finished executing. This behavior makes it difficult to test the
interactions between functions and their captured variables, particularly when clo-
sures are nested or passed as arguments.

function makeCounter () {
let count = 0; / 'count’ lives in the closure’s scope
return function () {
count ++; / Still accessible even after makeCounter ()
returns

return count;
}i

const counter = makeCounter ();
console. log (counter ()); 1 (count starts at )
console. log (counter ()); / 2 (count is preserve

* Higher-Order Functions: JavaScript’s support for higher-order functions that can
accept other functions as arguments or return functions, introduces new layers of
complexity. This feature can lead to highly nested, dynamic execution paths that are
challenging to capture and test.

function applyOperation(a, b, operation) {
return operation(a, b);

}
console. log (applyOperation (3, 4, (x, y) => x * y));
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Dynamic Object and Property Manipulation: JavaScript allows the modification
of objects at runtime, including the addition and removal of properties. This dynamic
manipulation can create unpredictable behaviors, complicating test case generation,
especially when properties are added or modified based on runtime conditions.

const obj = {};
obj.newProp = 42;
delete obj.newProp;

Permissive and Weak Typing Semantics: JavaScript’s permissive runtime behav-
ior and weak typing introduce implicit type coercion, which can lead to unexpected
behaviors.

console.log(’1’ + 1); "
console.log (’'5" - 2); 3

Non-Fixed Function Parameters: JavaScript allows functions to accept a variable
number of parameters, making it difficult to generate test cases that cover all possible
parameter combinations.

function logAll (...args) {
console.log(args);

}
logAll (1, 2, 3);

Global Variables via Implicit Declaration: JavaScript allows for implicit global
variable declarations, which can lead to hidden dependencies and unpredictable be-
haviors in test cases.

function setGlobal () {
globalvar = 10; No var/let/const => becomes global
}
setGlobal () ;
console.log(globalVar);

Undefined Handling: In JavaScript, accessing a non-existent property on an object
doesn’t throw an error but instead returns undefined.

const user = {};
console.log (user.name) ; undefined

Version Variations: JavaScript evolves rapidly, and different versions of the lan-
guage introduce different syntax and behavior.

ESS
var fs = require(’'fs’);

ES6
import fs from ’'fs’;
const square = n => n * n;




4.3. Static Analysis and Feature Extraction

* Browser Integration: Since JavaScript is commonly used for web development,
many projects interact with the DOM.

document .getElementById (’btn’).addEventListener ('click’, () => {
alert ('Button clicked!");
1)

4.3 Static Analysis and Feature Extraction

To guide the design and curation of our benchmark, we use static analysis to both identify
the units under test and extract metrics on their JavaScript language features and complexity.
These metrics quantify the diversity and challenge of each project, supporting the selection
of a balanced and representative benchmark.

4.3.1 Tooling

We developed a set of custom, reusable ESLint plugins to perform this static analysis. ES-
Lint is a widely used pluggable linter for JavaScript and TypeScript that parses source code
into an abstract syntax tree (AST), allowing rules to traverse and analyze code patterns. Our
plugins use this infrastructure to detect units, specific language features and complexity
metrics in a lightweight and extensible way /| These plugins:

* Identify and extract units under test
* Detect the presence of targeted JavaScript features within those units
* Compute metrics such as LOC and cyclomatic complexity.

We implemented a total of 18 plugins, each responsible for detecting a unit, feature or
computing a specific metric. While the plugins successfully detect all features listed above,
some language constructs in JavaScript are inherently dynamic and cannot always be fully
captured through static analysis (e.g., closures and global variables). Nevertheless, our ap-
proach ensures that all statically identifiable features relevant for evaluating test generation
tools are correctly extracted.

The plugins are modular and designed for extension. They form a key contribution of
this work and can be reused or enhanced by future researchers and practitioners. Our static
analysis plugins are publicly available on GitHutﬂ

4.3.2 Unit Identification

Our static analysis tool automatically detects units under test across projects. However,
unlike Java, where units under test are always classes, JavaScript allows for more flexible
structures. In this study, we define a unit under test as any exported function, method, or

Zhttps://eslint.org/
3https://github.com/SagaRut/dataset-evaluation
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class, since exportability ensures the unit can be directly tested. This approach aligns with
JavaScript’s functional nature and ensures compatibility with both test generation tools and
the static analysis pipeline.

4.3.3 Feature Identification

We focus on detecting the JavaScript language features outlined in the section above. For
example, to identify the use of asynchronous programming, we look for reserved keywords
such as async and await within function declarations and expressions. Similar keyword-
and pattern-based heuristics are applied for detecting other features, ensuring consistent and
lightweight static analysis across projects.

For each project, we identify:

* Which features are present in the units under test,

* How frequently each feature appears (e.g., number of units using async/await and
how frequently within a unit a feature appears),

* How features co-occur within the same unit or across a project.

This allows us to not only confirm the presence of each feature but also assess the variety
of combinations i.e. feature interactions that are important for testing the robustness of test
generation tools.

4.3.4 Complexity Metrics

In addition to language features, we evaluate units based on standard software complexity
metrics:

* Cyclomatic Complexity [40]: Captures the number of linearly independent paths
through a unit, reflecting branching logic and test case requirements.

* Lines of Code (LOC): Provides a rough measure of implementation size.
* Number of Testable Units: Reflects the overall size of the project’s exposed API.

Projects with higher average complexity and greater variability in these metrics present
more significant challenges for test generation tools [[75]. However, to ensure realism, we
avoid artificially complex or synthetically generated code, all projects are real-world, open-
source libraries.

4.3.5 Diversity and Complexity Scoring

The analysis results are further processed to compute diversity and complexity scores for

each unit, project and for datasets as a whole. To measure this, we generate a feature matrix,

where each row corresponds to a unit under test and each column to a specific language

feature. The matrix is binary-valued, indicating whether a unit exhibits a given feature.
From this, we compute:

24



4.4. Filtering and Final Selection

* Feature coverage: The proportion of targeted features represented in the dataset.

* Feature entropy: A measure of how evenly features are distributed across units,
indicating balanced representation.

* Feature density: The proportion of all possible feature—unit combinations where a
feature is present, capturing how densely features appear throughout the dataset.

While a higher average number of features per unit can indicate greater diversity, this
alone is not a sufficient benchmark goal. Our primary focus is on achieving high overall
coverage across features and maximizing the diversity of feature combinations. Datasets
that include all target features, even if each appears only a few times, are more useful than
datasets that overrepresent a limited subset.

Using the feature matrix and the previously computed complexity metrics, we define
scoring mechanisms at three levels:

* Unit level: Each unit is scored based on the number of features it contains, its cyclo-
matic complexity, and lines of code.

* Project level: A project’s score aggregates the diversity and complexity of its units,
reflecting how challenging and representative the overall project is.

* Benchmark level: At the benchmark level, we evaluate the overall feature coverage,
distribution of complexity, and diversity of feature combinations across all included
projects.

4.4 Filtering and Final Selection

The purpose of this stage is to select a final set of projects that form a balanced and rep-
resentative benchmark. From the initial pool of 300 projects, we evaluated each project
based on feature diversity and unit complexity. The final benchmark was curated using spe-
cific thresholds for both criteria. While the framework allows for user-defined thresholds,
a well-rounded benchmark should ideally cover all targeted language features and span a
broad range of complexity levels.

For our curated benchmark, we define feature completeness at both the project and
benchmark levels, ensuring that all selected projects collectively span the full set of JavaScript
features. To promote feature interactions, we also enforce a minimum threshold on the av-
erage number of language features per unit. Additionally, we set minimum thresholds for
cyclomatic complexity to ensure the selected code poses meaningful challenges for test
generation tools.

A more detailed breakdown of the final benchmark composition and statistics such as
feature distribution, complexity ranges, and language proportions is presented in the eval-
uation section [5} In the results section [6] we also compare our benchmark against existing
ones to highlight differences in complexity and diversity.
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Custom Filtering and Subsets

The collection of analyzed projects can also be tailored to fit specific evaluation goals.
For example, one might filter projects that use higher-order functions to evaluate tools like
LambdaTester [58]] and Nessie [10] made specifically to handle such, or select projects
involving DOM manipulation to assess browser-based testing capabilities. Subsets can be
created by specifying desired features, complexity thresholds (e.g., projects where all units
have complexity above a given value), or a particular programming language (JavaScript
vs. TypeScript). Filtering can also be applied at the unit level. If a project contains units
that do not meet certain criteria, one may choose to exclude them.
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Chapter 5

Empirical Evaluation

This chapter provides an overview of the evaluation setup used to compare automated test
generation tools. It outlines the benchmark used, tool configurations, and the shared pipeline
used to measure coverage and feature-based performance. The setup is designed to directly
address our research questions and ensure a fair, reproducible comparison across tools.

5.1 Benchmark

For the empirical evaluation we construct and use a curated benchmark designed to rep-
resent the diversity, complexity, and the practical relevance of real-world codebases. This
benchmark is the result of the methodology described in the previous chapter 4} focusing
on maximizing feature completeness and complexity.

The final benchmark consists of 42 open-source projects sourced from both GitHub and
GitLab. These projects were selected from the initial pool of evaluated projects based on
a well-defined set of criteria, ensuring the benchmark remains tool-agnostic and unbiased.
The benchmark is feature-complete, containing representative examples of all JavaScript
features outlined in Section [{4.2] It also maintains a high level of complexity, with each
project exhibiting an average cyclomatic complexity greater than 2 per unit and an average
of more than 3 JavaScript features per unit for interaction richness. The cyclomatic com-
plexity aligns with established guidelines [49]] [48]], which recommend that units used for
evaluating test case generation tools should be non-trivial, i.e. contain multiple execution
paths. To guarantee the validity of the benchmark, each project’s dependency and build
environment was verified by running npm/pnmp/yarn install and building the project where
applicable.

Benchmark Statistics

The curated benchmark includes:
* 42 projects: Selected from GitHub (40) and GitLab (2)

¢ 2850 units under test: Defined as exported functions, methods, or classes.
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* Feature complete: Every JavaScript feature defined in the previous chapter is repre-
sented at least once

* Average cyclomatic complexity of units: > 2
* Average JavaScript features per unit: > 3

With Table additionally depicting the feature density, average number of features
per project, feature entropy, average cyclomatic complexity and average number of features
per unit.

Table 5.1: Feature Coverage Metrics of the Custom Benchmark

Metric Benchmark
Number of Projects 42
Features Covered 15
Feature Density 72.1%
Avg. Features / Project 10.81
Feature Entropy 4.32
Average Cyclomatic Complexity 3.33
Total Units 2850
Avg. Features / Unit 4.32

Project Summary

Table is a summary of all projects included in the benchmark including relevant com-
plexity and diversity metrics. Namely, the number of units, the average cyclomatic com-
plexity of units and the average number of JavaScript features present per unit. Each project
entry also includes a direct link to its repository along with the specific commit hash used
for the benchmark to ensure reproducibility and traceability.

Figure [5.1] shows the distribution of JavaScript features across the benchmark projects.
Each bar represents a distinct feature, and the y-axis indicates how many projects in the
benchmark include that feature.

5.2 Test Generation Tools

This study compares the test generation capabilities of two state-of-the-art tools represent-
ing distinct approaches: search-based software testing and large language model-based gen-
eration. We chose these tools for this comparison, over the others mentioned in Chapter 3]
as they are the two newest tools of the two most researched approaches (SBST and LLM-
based), while also being the current state-of-the-art, reportedly performing well over diverse
JavaScript code. The two tools are SynTest [67], a modern SBST tool for JavaScript, and
TestPilot [56]], a recent LLM-based tool with iterative refinement designed specifically for
JavaScript and TypeScript unit test generation. While both tools target unit test creation for
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Table 5.2: Summary of Projects in the Benchmark

Project # Units Avg. CC Avg. No. Features
Admin.TE 11 2.33 391
autoprefixer 83 2.82 4.11
bower 96 2.17 4.34
dropzone 5 2.73 6.40
express-jwt 3 2.00 5.67
extract-text-webpack-plugin 13 291 3.08
hoodie 20 2.85 3.90
json-server 4 2.64 3.75
knex 112 2.02 5.01
lodash 7 3.71 8.14
markdown-here 8 3.75 3.63
mdx 38 3.26 3.79
nedb 86 4.41 3.52
release-it 30 2.27 4.00
samples 4 2.00 5.25
ScrollMagic 6 5.00 4.33
scrollreveal 27 4.52 341
shelljs 48 4.92 4.83
sitespeed.io 165 4.82 3.59
spectacle-code-slide 3 3.00 5.00
supertest 5 2.93 3.20
tabulator 147 2.10 3.63
postcss 27 3.65 5.44
puppeteer 329 2.27 3.48
terminus 383 2.03 3.96
vue-devtools 226 2.00 3.04
incubator-weex-ui 7 2.43 4.00
ZY-Player 28 2.40 4.11
commander.js 4 3.83 6.00
express 12 3.22 3.17
javascript-algorithms 29 2.17 4.21
crawler-url-parser 3 12.0 6.67
delta 8 5.87 6.25
node-dir 6 3.33 3.00
node-glob 16 3.16 3.44
node-graceful-fs 3 5.67 7.00
spacl-core 4 2.38 5.00
zip-a-folder 2 3.67 3.00
Beatbump 176 249 3.34
felte 174 3.05 3.29
pandora 184 2.18 3.33
xyflow 308 3.01 3.04
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Figure 5.1: Distribution of JavaScript features across benchmark projects.

Node.js projects using the Node Package ManagerEl and generate tests in the Mocha testing
framework EI, they differ in how they assess coverage. TestPilot uses Istanbul EI, whereas
SynTest relies on a modified custom version of Istanbul with additional instrumentation.

In addition to these two tools, we also compare initial performance results to a zero-
shot version of TestPilot, representing a naive LLM approach without execution feedback
or prompt refinement. This baseline helps contextualize the gains achieved by TestPilot’s
more advanced iterative techniques.

These two tools represent the two newest state-of-the-art in their respective approach.
However, despite their renown, these tools have not yet been evaluated against each other
or against a common benchmark. Our comparison aims to fill this gap by examining their
performance across a diverse and complex set of real-world JavaScript projects.

5.3 Tool Setup

To address the inherent nondeterminism of the automated test generation approaches under
evaluation, we executed each tool 10 times per project, as suggested by existing guidelines
[8]. The time budget of SBST tools can significantly effect the quality of tests generated
[50]. Thus, we imposed a time budget of 120 seconds on SynTest per execution, aligning
with prior studies [4]]. While setting a time constraint like this for evaluating SBST is com-
mon, it is not natively supported by LLM-based tools. However, in practice, we observed
that TestPilot completes generation within 1-2 minutes per UUT, comparable to the time
budget imposed on SynTest. As illustrated in Figure[5.2] timestamp screenshots from a rep-
resentative run confirm this behavior. This execution pattern was consistent across all runs.
This form of time budget mitigation for LLM-based tool when comparing to SBST tools
has been applied in other recent studies [4].

Uhttps://www.npmijs.com
Zhttps://mochajs.org/
3https://istanbul.js.org/

30


https://www.npmjs.com
https://mochajs.org/
https://istanbul.js.org/

5.3. Tool Setup

[LOG] te .js (for 1T1- AttributeMap.compose at temp

[LOG] r ill-delta.Attribu

[LOG] r i slta.Attribu

[LOG] r i =lta.Attribu .com n t ippe ): PASSED

[LOG] t o Lta.AttributeMap. a 2 ippet FATLED

Figure 5.2: Timestamp screenshots from a representative run of TestPilot showing that gen-
eration completes within 1-2 minutes per Unit Under Test (UUT)

Each tool in our experiments comes with numerous configurable parameters that can
influence test generation outcomes. To ensure a fair and practical comparison, we use each
tool’s recommended default settings, as these are widely adopted in the literature and pro-
vide reasonable performance without the added cost of extensive parameter tuning. [9]

5.3.1 SynTest Configuration

We ran SynTest with its default configuration, which corresponds to the recommended Dy-
naMOSA preset, a state-of-the-art genetic algorithm designed for efficient multi-objective
optimization [48]. The setup included a population size of 50 with type inference enabled
in proportional mode to guide the generation process.

5.3.2 TestPilot Configuration

The original TestPilot paper demonstrated the best results using GPT-3.5 Turbo. To stay
true to the tool’s intended cheap-but-good performance, we chose to evaluate TestPilot
with GPT-40 Mini as OpenAl recommends it as the direct replacement for GPT-3.5 Turbo
[45]. GPT-40 Mini provides comparable latency and cost-effectiveness but improved out-
put quality. This choice ensures our experiments remain faithful to the original tool’s design
while using the most current suitable model. Due to model differences however, the system
prompt had to be adapted to enforce the expected output format. The final configuration
used a static system prompt:

Finish the test and only respond in code, no text and no ‘‘'‘javascript

AURUR

The user prompt is comprised of the beginning of a unit test, in this case a partial Mocha
test including the function under test signature, example below, augmented with additional
context depending on the prompt refinement strategy. This may involve providing the func-
tion implementation, usage examples extracted from documentation, and, in some cases,
re-prompting the model with previously generated failing tests and their corresponding er-
rOr messages.

let mocha = require (’'mocha’);

let assert = require(’assert’);

let autoprefixer = require (’autoprefixer’);
autoprefixer.info ()

describe (' test autoprefixer’, function() {
it ("test autoprefixer.info’, function(done) {
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We validated the performance of the tool using the adjusted model and prompt by re-
running it on its original benchmark, following the same evaluation setup as in the original
paper. This included averaging results over 10 runs to ensure consistency to the original pa-
per results. As shown in Table[5.3] GPT-40 Mini achieves slightly lower performance across
all reported metrics, test pass rate, statement coverage, and branch coverage, compared to
GPT-3.5-Turbo. However, due to the lack of full per-run data for the original model, more
fine-grained comparisons are limited.

The aforementioned zero-shot version of TestPilot was configured by disabling its prompt
refinement techniques, resulting in a simple non-iterative method that relies solely on mini-
mal context information, specifically method signatures.

gpt-3.5-turbo gpt-4o-mini
Project Tests Passing  Stmt Cov  Branch Cov Tests Passing  Stmt Cov  Branch Cov
bluebird 370 204 (55.2%) 68.0% 50.0% 352 136 (38.6%) 58.9% 41.2%
complex.js 209 121 (58.0%) 70.2% 46.5% 252 137 (54.3%) 64.1% 42.1%
countries-and-timezones 28 13 (46.4%) 93.1% 69.1% 32 15 (46.4%) 93.4% 68.6%
crawler-url-parser 14 2 (14.3%) 51.4% 35.0% 17 1 (5.8%) 42.5% 29.4%
quill-delta 152 33 (21.7%) 73.0% 64.3% 190 31 (16.3%) 70.4% 63.5%
gitlab-js 141 14 (9.9%) 51.7% 16.5% 139 10 (7.2%) 65.8% 24.8%
image-downloader 5 4 (80.0%) 63.6% 50.0% 5 0 (0.0%) 20.2% 16.7%
js-sdsl 409 46 (11.3%) 33.9% 24.3% 431 58 (13.4%) 40.1% 41.9%
memfs 1037 471 (45.4%) 81.1% 58.9% 883 460 (52.1%) 65.7% 45.6%
node-dir 40 19 (48.1%) 64.3% 50.8% 40 19 (47.3%) 48.9% 38.1%
dirty 70 32 (45.3%) 74.5% 65.4% 86 41 (47.4%) 61.1% 49.3%
fs-extra 471 277 (58.8%) 58.8% 38.9% 429 210 (49.0%) 51.3% 34.7%
geo-point 76 50 (65.8%) 87.8% 70.6% 66 30 (45.1%) 13.4% 39.0%
glob 68 18 (26.5%) 71.3% 66.3% 58 0(0.0%) 0.0% 0.0%
graceful-fs 345 177 (51.4%) 49.3% 33.3% 355 176 (49.6%) 30.5% 21.9%
jsonfile 13 6 (48.0%) 38.3% 29.4% 14 0(0.0%) 0.0% 0.0%
uneval 7 2 (28.6%) 68.8% 58.3% 6 2 (34.3%) 62.5% 55.6%
omnitool 1033 330(31.9%) 74.2% 55.2% 815 288 (35.3%) 68.5% 53.4%
plural 13 8 (61.5%) 73.8% 59.1% 15 8 (52.2%) 75.1% 66.7%
pull-stream 83 34 (41.0%) 69.1% 52.8% 88 32 (36.2%) 72.2% 54.9%
q 323 186 (57.6%) 70.4% 53.7% 382 187 (48.9%) 69.9% 53.8%
svp 109 70 (64.2%) 70.1% 55.3% 134 91 (67.7%) 74.5% 61.2%
simple-statistics 353 250 (70.9%) 87.8% 71.3% 384 219 (57.0%) 85.6% 73.9%
spacl-core 85 13 (15.3%) 78.3% 50.0% 94 22 (23.5%) 76.2% 47.5%
zip-a-folder 11 6 (54.5%) 84.0% 50.0% 16 0(0.0%) 22.2% 15.9%
Median | 48.0% 70.2% 52.8% | 38.6% 62.5% 42.1%

Table 5.3: Comparison of test generation results between GPT-3.5-Turbo and GPT-40-Mini
across benchmark projects.

5.4 Evaluation Pipeline

To ensure consistency and reproducibility across test runs, we designed and implemented an
automated evaluation pipeline. Each tool is executed independently within isolated Docker
containers. This setup mitigates environment-related variations and simplifies dependency
management.

After test generation, the resulting test suites were extracted and executed using the
Mocha testing framework ﬂ We used Mocha’s default timeout of 2 seconds per test case

4https://mochajs.org/
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to reflect typical developer settings. To evaluate code coverage, we used Istanbul El which
measures line, statement, function, and branch coverage across the generated tests.

Following execution, we collect both code coverage statistics and test pass rates to quan-
titatively assess each tool’s performance. All results are logged systematically to facilitate
our analysis. The overall workflow of our evaluation pipeline is summarized in Figure[5.3]
Additionally, the pipeline is publicly available on GitHutﬁ

Set Up Execute Collect Analyze
Each Tool Test Suites Metrics Metrics

Figure 5.3: Overview of the automated evaluation pipeline.

Run Tools
on Bench-
mark

5.5 Analysis

To evaluate the performance and behavior of the test generation tools, we analyze execution-
based metrics, failure types, coverage similarity and do a correlation analysis on code
feature-based metrics. To further validate the performance comparison of the three tools,
we conducted sound statistical analysis.

5.5.1 Execution-Based Metrics

We assess the quality and usefulness of generated tests through the following execution-
based metrics:

» Test Pass Rate: The proportion of generated test cases that successfully pass during
execution, indicating syntax and assertion correctness.

* Code Coverage: We measure code coverage using four standard coverage types:

Line Coverage: Percentage of executed lines.

Statement Coverage: Percentage of executed program statements.

Function Coverage: Percentage of invoked functions.

Branch Coverage: Percentage of conditional branches exercised.

These metrics allow us to quantify how effectively the tools explore the codebase and
generate meaningful, executable tests.

Shttps://istanbul.js.org/
Ohttps://github.com/SagaRut/test-generation-evaluation

33


https://istanbul.js.org/
https://github.com/SagaRut/test-generation-evaluation

5. EMPIRICAL EVALUATION

5.5.2 Statistical Analysis

To assess the significance of observed differences, we conducted pairwise statistical com-
parisons for each project and metric. For this we used Mann-Whitney U tests [43] for
statistical significance combined with Vargha-Delaney A]Q [[70]] for effect size calculation,
in line with prior work [4] [49] [28]. Specifically, for each project—metric pair, we per-
formed three Mann-Whitney U tests : SynTest vs. TestPilot, SynTest vs. TestPilot baseline,
and TestPilot vs. TestPilot baseline. Winners in each comparison were determined based on
both statistical significance (p-value < 0.05) and a meaningful Vargha-Delaney effect size
(small or larger).

5.5.3 Test Failure Types

We assess test outcomes by categorizing failures into the following types:

* AssertionError: Indicates that an expected condition within a test case was not met,
signaling a test logic failure.

* FileSystemError: Represents errors related to file operations, such as missing files
or permission issues.

* ModuleNotFoundError: Occurs when a required module or dependency cannot be
located during test execution.

* ReferenceError: Happens when a variable or function is referenced before it has
been declared.

» SyntaxError: Indicates invalid code syntax preventing test execution.

* TimeoutError: Results from tests exceeding the allowed execution time, suggesting
potential infinite loops or async issues.

» TypeError: Arises when an operation is performed on a value of an inappropriate
type.

* Other: Captures any failure types not classified above.

This classification allows us to analyze not only the quantity but also the nature of fail-
ures generated by each test generation tool, providing deeper insights into their limitations
in producing reliable tests.

5.5.4 Similarity Analysis

Furthermore, we analyze how complementary or redundant the tools’ coverage is. We assess
the overlap in coverage between tools by collecting the sets of statements covered by each
test suite and computing the Jaccard similarity (Intersection-over-Union). This is done on
three levels: averaged over 10 runs, collectively across all runs, and separately per project.
Additionally, we check for coverage containment to determine how much of one tool’s
coverage is a subset of another’s, indicating potential subsumption.
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5.5.5 Correlation Analysis

To better understand how code characteristics influence test generation, we perform a cor-
relation analysis between test outcomes and the following code feature metrics:

» JavaScript Language Features: We analyze how the presence of various JS/TS
features affects tool performance in terms of coverage and pass rate.

* Cyclomatic Complexity: Higher complexity can challenge test generation. We ex-
amine whether more complex units result in lower coverage.

* Number of Units: We examine whether a higher number of units within a project
result in lower coverage.

* Number of Branches: We additionally examine whether a higher number of branches
within a project result in lower coverage.

* Test Suite Size: We analyze whether a larger number of generated tests leads to better
coverage or simply adds redundancy.

This analysis enables us to identify the specific strengths and limitations of each tool,
highlighting the types of JavaScript constructs they handle effectively and the scenarios
where they struggle. By examining what each tool excels at and where their test generation
capabilities fall short, we gain a clearer understanding of their practical applicability and
potential areas for improvement. We use Spearman’s rank correlation coefficient for the
correlation analysis [S7] as our data does not follow a normal distribution according to the
Shapiro-Wilk test [61]].

To provide a comprehensive understanding of how tool performance correlates with
code characteristics, we perform the correlation analysis at both the project and file levels.
Project-level analysis captures broader trends across entire codebases, while file-level analy-
sis offers more granular insights into how specific code units and their individual complexity
and feature sets impact test generation effectiveness. Furthermore, to improve readability
and clarity, we separate the comparisons into two categories: one focusing on complexity
metrics and another on feature diversity metrics. This separation allows us to present dedi-
cated heatmaps for each category, highlighting distinct relationships between performance
and the different aspects of the code.

It is important to note that correlation analysis cannot be performed on features that are
present in all or no projects/files, as there is no variation to analyze.

5.6 Research Questions

The empirical evaluation is guided by the following research questions, each aimed at
understanding different aspects of automated test generation for JavaScript. Our evalua-
tion pipeline and experimental design are structured to provide answers to these questions
through empirical data collection and analysis.
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* RQ1: To what extent do existing automated test generation tool benchmarks

cover unique features of JavaScript relevant to test generation?

To address RQ1, we conduct a static analysis of projects within existing benchmarks
to identify the presence and frequency of language-specific features, outlined in
reusing our tool mentioned in[4.3] We then compare these distributions to a custom
benchmark curated for this study to highlight representational gaps and ensure a more
comprehensive feature coverage.

RQ2: How do current JavaScript test generation tools perform on a comprehen-
sive benchmark created with regard to language representation and complexity?

To answer RQ2, we apply each test generation tool to our benchmark (5.1)) and evalu-
ate their output using the automated evaluation pipeline described in Section We
analyze test quality and coverage using the methods detailed in section[5.5] including
statistical significance tests (Section[5.5.2)), failure type classification (Section [5.5.3))

and similarity assessments (5.5.4).

RQ3: How do tool performance outcomes correlate to code complexity charac-
teristics and JavaScript features?

For RQ3, we use the same shared evaluation pipeline to collect quantitative perfor-
mance metrics. By correlating these results with code features metrics (5.5.5) ex-
tracted from each unit under test, we provide a comparison of the relative strengths
and weaknesses of LLM-based vs. search-based tools on a fine-grained level.

Each research question is directly supported by our benchmark design, tool execution
framework, and analysis pipeline, allowing for systematic evaluation across a diverse
set of code characteristics and test quality indicators.



Chapter 6

Evaluation Results

In this chapter, we present the results of our empirical evaluation to address the research
questions outlined in Chapter [5] The goal of this evaluation is to assess and compare au-
tomated test generation tools for JavaScript, with a particular focus on their performance
across complex and diverse codebases, as well as on identifying correlations between code
characteristics and tool effectiveness. The results are organized by research question, with
each section reporting the relevant metrics, visualizations and findings.

6.1 Existing Benchmark Evaluation

The first research question, as stated in Chapter [3] is:

RQ1: To what extent do existing automated test generation tool benchmarks
cover unique features of JavaScript relevant to test generation?

6.1.1 Benchmark Analysis

Looking purely at JavaScript feature coverage, figures [6.1and[6.2]reveal gaps in the SynTest
and TestPilot benchmarks. The figures visualize the distribution of the JavaScript features
across the benchmarks, where figure [6.1] shows the number of projects containing each
feature, while figure[6.2] presents these values normalized to the size of each benchmark. We
can see that SynTest is missing integral JavaScript functionality, namely, a representation of
its asynchronous ability. TestPilot includes only a small number of projects that demonstrate
features such as prototype usage, property access, and DOM interaction. Overall, it shows a
much lower proportion of projects containing each individual feature compared to the other
benchmarks.

If we look at the SynTest benchmark further by examining table we see that the
benchmark consists of 5 projects and covers 13 out of the 15 defined JavaScript features. It
has the highest average cyclomatic complexity (5.54) and a high feature density (61.3%),
with an average of 9.20 features per project and 3.90 features per unit. However, its overall
size is relatively small, with only 99 units in total.
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Figure 6.1: JS Feature Coverage Across Benchmarks (Counts)
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Figure 6.2: JS Feature Coverage Across Benchmarks (Normalized Proportions)

The TestPilot benchmark is significantly larger, comprising 25 projects and 745 units. It
covers 14 features but has the lowest feature density (43.5%) and the lowest average features
per unit (2.73). While its feature entropy is the highest (6.12), indicating diversity in feature
distribution, the average complexity is lower (2.90), and individual projects tend to cover
fewer features.

The custom benchmark curated for this study consists of 42 projects and 2,850 units.
It includes all 15 target features, with the highest average number of features per project
(10.81) and the highest feature density (72.1%), indicating comprehensive and diverse lan-
guage construct representation. Its cyclomatic complexity (3.33) and feature entropy (4.32)
reflect a balance between complexity and feature variety.

Overall, existing benchmarks exhibit trade-offs between size, feature diversity and com-
plexity. SynTest’s limited size and absence of asynchronous features pose constraints on
thorough evaluation. TestPilot provides scale but at the cost of lower feature density and
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complexity. The custom benchmark overcomes these limitations by balancing size, com-
plexity, and comprehensive language feature representation, justifying its use for further
evaluations.

Table 6.1: Feature Coverage Metrics Across Benchmarks

Metric SynTest TestPilot Custom
Number of Projects 5 25 42
Features Covered 13 14 15
Feature Density 61.3% 43.5% 72.1%
Avg. Features / Project 9.20 6.52 10.81
Feature Entropy 3.77 6.12 4.32
Average Cyclomatic Complexity 5.54 2.90 3.33
Total Units 99 745 2850
Avg. Features / Unit 3.90 2.73 4.32

Findings: Existing benchmarks vary significantly in their representation of JavaScript
features, with some lacking key language constructs essential for thorough evaluation.
The custom benchmark developed for this study offers a more comprehensive represen-
tation of language features and complexity, providing a stronger foundation for evaluat-
ing automated test generation tools.

6.2 Tool Performance Comparison
The second research question, as stated in Chapter 3] is:

RQ2: How do current JavaScript test generation tools perform on a compre-
hensive benchmark created with regard to language representation and com-
plexity?

6.2.1 Tool Executability

While the custom benchmark consists of 42 projects in total, a significant portion of them
could not be executed successfully by the tools. SynTest was only able to run on 12 projects,
and TestPilot on 18. Among these, only 10 projects could be run reliably by both tools
(Figure[6.3)). As aresult, this restricted the final benchmark used for comparative evaluation
to these 10 shared projects.

The reasons for incompatibility varied between tools. For SynTest, most failures were
due to its limited ability to parse certain JavaScript constructs and to handle some TypeScript
constructs properly. For TestPilot, the primary issues arose from its API parser expecting
a specific export format, namely, the package.json needed to specify a main entry that ex-
ported a single default module, unlike other common export conventions. These problems
are tool-specific, as thorough validation of each project build and dependency setup was
performed, as described in[5.1]
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Figure 6.3: Project compatibility across tools. Only 10 out of 42 projects could be run by
both tools.

Despite the reduced size, the final benchmark retains much of the feature diversity and
structural complexity present in the original set. As shown in Table [6.2] the 10 selected
projects collectively cover all 15 targeted JavaScript features. The benchmark maintains a
high feature density (69.3%) and exhibits strong average complexity (4.20), ensuring that it
still provides a meaningful basis for tool comparison in the following sections.

Table 6.2: Feature Coverage Metrics For Final Benchmark

Metric Final Benchmark
Number of Projects 10
Features Covered 15
Feature Density 69.3%

Avg. Features / Project 10.40
Feature Entropy 3.59
Average Cyclomatic Complexity 4.20

Total Units 252

Avg Number of JS Features per Unit 4.42

6.2.2 Performance Comparison

Table presents the per-project performance for each tool in terms of number of test
cases and corresponding test pass rates, while Table [6.4] contains the statement coverage
and branch coverage obtained on the final benchmark. Comparing the number of tests gen-
erated from each tool per project, it is evident that TestPilot utilizes a much more aggressive
strategy, generating a huge amount of tests with only a small percentage of them pass-
ing. Overall, SynTest achieves the highest median pass rate (66.4%) compared to TestPilot
(21.8%) and the TestPilot zero-shot baseline (10%).

However, TestPilot and its zero-shot baseline consistently achieve substantially higher
median statement coverage (45.4% and 32.6%) than SynTest (27.9%). Despite the LLM
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baseline’s somewhat better statement coverage compared to SynTest, its median branch
coverage is considerably lower (5.1% vs. 11.2%), indicating that while it covers many
statements, its exploration is shallow. In contrast, the full TestPilot tool achieves the highest
branch coverage overall (27.9%). In particular, projects like commander. js and supertest
highlight TestPilot’s superiority in coverage, while SynTest achieves higher branch coverage
primarily on hoodie, with a slight advantage on dropzone as well.

There is also considerable variation in performance across projects. Branch coverage
achieved by SynTest ranges from 1.4% to 31.4%, whereas TestPilot’s branch coverage
varies more widely, from 0% up to 54.2%. Notably, the baseline LLM tool records 0%
branch coverage in five out of the ten benchmark projects, yet reaches as high as 33.9%
on others. There is also some similarity in performance in all tools. For instance, all tools
perform poorly on dropzone while reaching very similar statement coverage on bower.
Standard deviation values indicate that SynTest shows more variation in pass rates across
runs (at most 16.3%), while TestPilot exhibits more variation in coverage metrics on certain
projects (at most 16.1%).

Project SynTest TestPilot_4omini TestPilot_4omini_baseline
Total # Tests Pass Rate (%) Total # Tests Pass Rate (%) Total # Tests Pass Rate (%)
autoprefixer 48.8 £4.7 47.1+4.9 9.0+0.8 29.1+£5.7 1.80 + 0.40 40.0 +£20.0
bower 89.4+25 559+14 129.8 4.5 144+19 35.00 + 1.00 19.74 £3.08
commander.js 1489+ 15.7 99.6 + 0.5 567.0+9.5 44.6+09 157.30 £ 0.46 47.36 £ 0.84
crawler-url-parser 1.0£0.0 0.0+0.0 18.0£0.0 33+27 2.90 +£0.30 0.0+0.0
dropzone 119+1.1 94.8+179 220.3+1.6 0902 56.80 + 0.60 0.0+0.0
hoodie 97.2+10.2 80.1+2.0 4.0+0.0 0.0+0.0 0.0+0.0 0.0+0.0
node-dir 0.0+0.0 0.0+0.0 474+19 449 + 6.4 5.90 £ 0.30 0.0+0.0
node-graceful-fs 92+15 76.8 + 3.6 5335+74 47.8+0.8 189.30 + 1.10 52.93 + 1.63
postcss 243.6 +47.9 83.7+44 327.6+6.2 469+ 1.7 103.50 £0.92 58.56 £2.22
supertest 3.0+0.0 46.7 +16.3 386.4 +5.1 1.2+0.2 108.20 = 1.17 0.19 £0.37
Median | 304 66.4 | 175.0 21.8 | 459 10.0

Table 6.3: Average number of tests and pass rate over 10 runs for SynTest, TestPilot_4omini,
and TestPilot_4omini_baseline on selected benchmark projects. Values are reported as mean
+ standard deviation.

Project SynTest TestPilot_4omini TestPilot_4omini_baseline
Stmt Cov (%)  Branch Cov (%) | Stmt Cov (%) Branch Cov (%) | StmtCov (%) Branch Cov (%)
autoprefixer 32.6+5.7 129 +£4.8 43.7 £ 0.0 22.8+0.0 29.29 + 14.64 10.28 £5.14
bower 30.0+2.3 93%19 345+1.2 15.7+0.7 3222+0.23 14.57 +0.18
commander.js 145+0.6 9.4+0.6 66.9 +3.0 54.2+29 47.68 +0.98 33.88+1.35
crawler-url-parser 13.7+54 9.0+5.6 29.4 +24.0 19.8 £16.1 0.0+0.0 0.0+0.0
dropzone 1.3+0.0 1.4£0.0 3.4£0.0 03£0.0 0.0£0.0 0.0£0.0
hoodie 41.9+1.8 31.4+2.0 0.0+0.0 0.0+0.0 0.0+0.0 0.0£0.0
node-dir 324+04 222+04 58.7+£0.4 45.5+ 0.6 0.0+0.0 0.0£0.0
node-graceful-fs 17.5+0.1 149 +0.1 47.0 £1.0 33.0+1.1 40.04 +0.77 25.97 +0.77
postcss 364+42 23.0+4.1 54.7+0.3 40.0 £ 0.4 44.59 £ 0.98 29.86 + 1.09
supertest 257+24 46+2.1 66.6 + 4.7 52.3+33 3.31 £6.63 0.0+0.0
Median ‘ 279 11.2 ‘ 454 279 ‘ 32.6 5.14

Table 6.4: Average statement and branch coverage (mean + standard deviation over 10
runs) for SynTest, TestPilot_4omini, and TestPilot_4omini_baseline on selected benchmark
projects.

Figure [6.4] provides a broader view of tool performance across all five metrics cal-
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culated. TestPilot shows higher variation of coverage values but with noticeably higher
average and median values in all structural coverage metrics. In contrast, SynTest shows a
wider spread in pass rate values but much more consistent coverage values. The baseline
LLM TestPilot generally produces coverage results similar to, but slightly lower than Syn-
Test on average, while its coverage achievements are also more inconsistent, displaying a
broader range of values. The distribution of function and line coverage mirrors trends seen
in statement and branch coverage.

LAady

Pass Rate (%) Line Coverage (%) Statement Coverage (%) Function Coverage (%) Branch Coverage (%)

100

N
o

Metric Value (%)

N
o

Tool
Il SynTest [ TestPilot_4omini I TestPilot_4omini_baseline

Figure 6.4: Test generation tool comparison across 10 runs of each project in the benchmark.
Metrics include pass rate, line coverage, statement coverage, function coverage, and branch
coverage. The diamond corresponds to the average value.

Aggregated results of the pairwise statistical comparisons, shown in Tables [6.5][6.6][6.7]
summarize how many times each tool outperformed another across all projects for the key
metrics of pass rate, statement coverage, and branch coverage.

The competition outcomes support the overall conclusions presented above: While Syn-
Test more frequently generates tests that pass, TestPilot generally produces tests that cover
much more of the code, demonstrating significant improvements over its zero-shot base-
line version. The contrast is consistent across most projects in the benchmark and suggests
differing strengths in how each tool approaches test generation.

SynTest  TestPilot_.4omini  TestPilot_4omini_baseline

SynTest - 8 7
TestPilot_4omini 2 - 4
TestPilot_4omini_baseline 0 5 -

Table 6.5: Win counts between tools for pass rate across projects. Each cell shows how
many projects the tool in the row significantly outperformed the tool in the column.
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SynTest  TestPilot_.4omini  TestPilot_4omini_baseline

SynTest - 1 5
TestPilot_4omini 8 - 9
TestPilot_4omini_baseline 4 0 -

Table 6.6: Win counts between tools for statement coverage across projects.

SynTest  TestPilot_.4omini  TestPilot_4omini_baseline

SynTest - 2 6
TestPilot_4omini 7 - 9
TestPilot_4omini_baseline 4 0 -

Table 6.7: Win counts between tools for branch coverage across projects.

6.2.3 Test Examples

To better understand the performance results, we examined examples of generated tests from
projects that exhibited poor performance or showed large differences between the tools.

hoodie

A significant discrepancy in coverage results is observed between SynTest and TestPilot:
SynTest achieves an average coverage of 31.4%, whereas TestPilot reaches 0%. Examining
the detected files and units reveals that TestPilot’s API discovery process differs notably
from SynTest’s, leading to fewer identified targets. While SynTest detects exported units in
18 different files, TestPilot detects an exported unit in only one.

The common file, hoodie/server/index. js, contains a register function that ac-
cepts parameters of complex types:

module.exports.register = register
module.exports.register.attributes = {
name: 'hoodie’
}
var corsHeaders = require (’hapi-cors-headers’)
var hoodieServer = require (’@hoodie/server’).register
var _ = require(’lodash’)
var registerPlugins = require(’./plugins’)

function register (server, options, next) {

options = _.cloneDeep (options)
_.defaultsDeep (options, {
paths: {

public: ’'public’
}l
plugins: T[],
app: {1}
})

server.ext (' onPreResponse’, corsHeaders)
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server.register ({ register: hoodieServer, options: options }, function
(error) {
if (error) {
return next (error)

registerPlugins (server, options, function (error) ({
if (error) {
return next (error)

next (null, server, options)
1)
1)

The following are tests generated by TestPilot for the given function.

let mocha = require ('mocha’);
let assert = require(’assert’);
let hoodie = require(’hoodie’);

describe ('test suite’, function|()
it ("test case’, function(done) {
let server = {}; loc ser
let options = {}; // Mock

hoodie.register (server, options, function(err) {
assert.ifError (err);

Additional assertions can be added here
done () ;
1)
1)
}
let mocha = require(’mocha’);
let assert = require(’assert’);
let hoodie = require(’hoodie’);
describe ("test suite’, function () {
it ("test case’, function(done) {
let mocha = require(’mocha’);
let assert = require(’assert’);
let hoodie = require (’hoodie’);

describe ('test hoodie’, function () {
it ("test hoodie.register’, function(done) {
let server = {
ext: function|()

with ext function
ock options object

}; // Mock serv

let options = {};

hoodie.register (server, options, function(error, registeredServer
, registeredOptions) {
assert.strictEqual (error, null);
assert.strictEqual (registeredServer, server);
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assert.deepStrictEqual (registeredOptions, options);
done () ;

The first test fails due to the error: TypeError: server.ext is not a function.
A subsequent retry modifies the mock object to include server.ext as a function, but this
version fails to execute because of its format.

SynTest generates the following test:

Imports
require = require (’esm’) (module)
describe (’ SynTest Test Suite’, function() {

let registerl;
beforeEach (() => {

This is a hack to force the requir
Nithout this we would be using the for each
test
delete require.cache[require.resolve ("../../custom_benchmark/hoodie/
server/index.js") ];
({register: registerl} = require("../../custom_benchmark/hoodie/
server/index.js"));
1)
it ("Test 1", async () => {
/ Meta information
Selected for:
Covers ive: error:::d41d8cd98f00b204e9800998ecf8427e
Test
const ext = () => {};
const register = () => {};
const server = ({
"ext": ext,
"register": register
}
const options = true;
const next = () => {};
const registerReturnValue = await registerl (server, options, next)
const extl = () => {};
const register2 = () => {};
const serverl = {
"ext": extl,
"register": register2
}
const optionsl = true;
const nextl = () => {};
const anon = "util";
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const registerReturnValuel = await registerl (serverl,
, anon)
const ext2 = () => {};
const register3 = () => {};
const server?2 = {
"ext": ext2,
"register": register3
}
const options2 = true;
const ext3 = () => {};
const registerReturnValue2 = await registerl (server2,

optionsl,

options2,

nextl

ext3)

This test runs successfully and correctly provides server.ext, resulting in higher cov-
erage for SynTest. However, it contains no assertions, raising questions about its utility.
Given the complexity of the register function, it is not surprising that both tools face
challenges in producing meaningful tests for this unit.

supertest

A substantial discrepancy in coverage results is also observed between SynTest and TestPi-
lot in the project supertest. SynTest achieves an average coverage of 4.6%, whereas TestPi-
lot reaches 52.3%. The file index. js shows a large difference in coverage but it contains
the following unit:

"use strict’;

const methods = require(’methods’);
let http2;

try {

http2 = require(’http2’); // eslint-disable-line global-re
} eatch () {

}

eslint -disable-line no-empty

const Test = require(’./lib/test.js’);
const agent = require(’./lib/agent.js’);

/ *

*

eturning a new

against the

@param {Function|Server|String} app

1irn {Test}
public

module.exports = function(app, options = {}) {
const obj = {};
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if (typeof app === ’function’) {
if (options.http2) {
if ('http2) {
throw new Error (
"supertest: this version of Node.js does not support http2’
)i

methods. forEach (function (method) {

obj[method] = function(url) ({
var test = new Test (app, method, url, options.http2);
if (options.http2) {
test.http2();

}

return test;
}i
}) i

Support previous use of del

obj.del = obj.delete;

return obj;
bi

One example test produced by TestPilot to target this unit is:

let mocha = require(’'mocha’);
let assert = require(’assert’);
let supertest = require (’supertest’);
describe ("test suite’, function () {
it ("test case’, function(done) {
supertest (app)
.get (' /your-endpoint’)
.expect (200)
.end (function(err, res) {
if (err) return done(err);
assert.strictEqual (res.body.message, 'Success’);
done () ;
1)

)

This test fails due to app not being defined.
while SynTest produces this output to target the unit:

Imports

require = require(’esm’) (module)

describe (’ SynTest Test Suite’, function () {
let anonymousFunction;
let Test;
beforeEach (() => {
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// This is a hack to force the require
// Without this we would be using the
test

delete require.cache[require.resolve (".

supertest/index.js") 1;

delete require.cache[require.resolve (".

supertest/lib/test.js")];
(anonymousFunction require (".
js"));
(Test
}) i

it ("Test 1",
// Meta

async ()
information

=> |

Selected for:

Covers objective: error::
// Test

const app
const http
const assignment

"http2": http

= -1;
true;

= {

}

const anonymousFunctionReturnValue
assignment)

const appl "SAS!031Q0dpQ) L

const app2 2.8

const httpl true;

const assignmentl = {

"http2": httpl

}
const path = 2;
const http?2 true;
const assignment?2 new Test (app2,
const anonymousFunctionReturnValuel
assignment?2)
const app3 28
const http3 true;
const assignment3 = {
"http2": http3

}

const
const
const

pathl 28
http4 true;
assignment4
const httpb true;
const assignment5 = {
"http2": httpb

new Test (app3,

}

const httpb

const assignment6
"http2": httpb

true;
= {

:d41d8cd98£00b204e98

assignmentl,
await anonymousFunction (appl,

assignment3,

cache to be emptied

same required object for each
./../custom_benchmark/

./../custom_benchmark/

./../custom_benchmark/supertest/index.

require("../../custom_benchmark/supertest/lib/test.js"));

=
o
N
e
D
Q
[\S]
~J
D

await anonymousFunction (app,

|"J_-"Q@|bSz6gsW+]y *\\,HDK (1q/vXkzUoL}";

path, http2)

pathl, http4)
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const assertHeaderReturnValue = await assignmentd._assertHeader (
assignment5, assignment6)

While this test runs without errors, SynTest does not manage to construct the parameter
objects as expected, limiting its coverage potential. In contrast, in several other generated
tests, TestPilot successfully creates valid instances for the parameters required by the target
function, leading to higher coverage.

For example:

let mocha = require(’'mocha’);
let assert = require(’assert’);
let supertest = require (’supertest’);
describe ('test suite’, function () {
it ("test case’, function(done) {
const request = require (’supertest’);
const express = require (’'express’);

const app = express|();

app.get (' /test’, function(reqg, res) {
res.status (200) . json ({ message: ’'success’ });
}) i

request (app)

.get (' /test’)

.expect (/' Content -Type’, /json/)

.expect (200)

.end (function(err, res) {
if (err) return done (err);
assert.strictEqual (res.body.message, ’success’);
done () ;

}) i

However, in this case the generated test does not actually target the intended unit. The
prompt used by TestPilot refers to a different function (e.g., Test .prototype.get), mean-
ing the high coverage is incidental rather than the result of deliberate targeting.

6.2.4 Failure Analysis

Figure[6.5]shows the distribution of failure types across all projects for both tools, highlight-
ing which types of errors occur most frequently. The chart presents the proportion of each
error category relative to the total number of failed tests per tool. As shown, both SynTest
and TestPilot produce failures in all categories, but with different distributions. SynTest
produces significantly fewer syntax and timeout errors compared to TestPilot. Instead, its
failures are predominantly AssertionError and TypeError. Both tools produce very few
file system errors, module not found errors and reference errors.
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0 Failure Type Distribution: SynTest vs TestPilot

Tool
mm SynTest
mmm TestPilot

Failure Percentage (%)

Error Category

Figure 6.5: Comparison of failure type distributions for SynTest and TestPilot.

Figure [6.6] reveals that the types of failures differ greatly between projects, with each
project exhibiting a unique distribution of error categories. While for some projects SynTest
and TestPilot produce similar errors, many others show very different failure profiles be-
tween the tools. Interestingly, SynTest produces errors of only one type in several projects,
namely dropzone, node-dir, node-graceful-fs, and supertest, with each of these exhibiting a
different error type. This demonstrates that not only do error types vary widely per project,

but the tools also differ in which failures they predominantly produce depending on the
project context.

Failure Type Distribution per Project (Percentage per Tool)

Failure Type
W AssertionError
- FileSystemError
[ ModuleNotFoundError
- Other
f ReferenceError
W SyntaxError
- TimeoutError
1 TypeError

100

@ @
o S

Failure Type Percentage (%)
N
o

6"@ SynTest
%,
e, TestPilot
N
4 SynTest
4,
& TestPilot
%, SynTest
%
%, TestPilot
3
.
N SynTest
o,
%, TestPilot
£
%
)
%.
<o, "
% TestPilot
’}o SynTest
0,
oy
"8 Testpilot
’)ao' SynTest
8,
% TestPilot
2%,
%p SynTest
%,
S
(\015 TestPilot
z
%
'o"a}‘ SynTest
(S
% TestPilot
%, SynTest
s,
Y
Sy TestPilot

Figure 6.6: Comparison of failure type distributions per project.
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6.2.5 Similarity Analysis

To better understand the degree of coverage overlap between the test cases generated by
SynTest and TestPilot, Table [6.8|presents two Jaccard similarity (IoU) metrics. The average
Jaccard similarity is computed by comparing the statements covered in each run of SynTest
with each run of TestPilot, calculating the Jaccard Similarity for each pair and finding its
average. This value is relatively low (0.29), indicating that the tools often produce test suites
that cover different parts of the code.

In contrast, the global Jaccard similarity (0.60), is computed over the union of all state-
ments covered across all runs. A venn diagram of this can be found in Figure This
higher value reflects that the tools do eventually cover many of the same statements, even if
not consistently across all runs.

Additionally, two containment metrics are presented to show the extent to which one
tool’s coverage is covered by the other. On average, 80.95% of statements covered by
SynTest are also covered by TestPilot, while only 31.45% of TestPilot’s coverage is present
in SynTest. This further reinforces the observation that each tool produces unique test cases,
with TestPilot however covering a much broader range of statements.

Metric Type Description Value  Std Dev
Average Jaccard Similarity ~ Mean over all run-pair comparisons 0.2909 0.0885
Global Jaccard Similarity Union-based similarity across all runs 0.6008 -
SynTest in TestPilot (%) Mean proportion of SynTest statements also covered by TestPilot 80.95 13.63
TestPilot in SynTest (%) Mean proportion of TestPilot statements also covered by SynTest 3145 10.47

Table 6.8: Comparison of Statement Coverage Similarity Between Tools

Overall Statement Coverage Overlap

802 2592 3512

SynTest

TestPilot

Figure 6.7: Venn diagram of accumulated statements covered by SynTest and TestPilot
across all runs.

When looking at the per-project similarity, similar results can be found. While, values
differ between projects, with the highest similarity observed for bower and the lowest for
dropzone, the overall trend remains consistent across projects.
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Project Jaccard syntest in testpilot (%) testpilot in syntest (%)
autoprefixer 0.3158 92.05 32.46
bower 0.3827 67.81 46.80
commander.js 0.1473 73.18 15.56
crawler-url-parser  0.2348 78.31 25.56
dropzone 0.0000 0.00 0.00
node-dir 0.2445 80.49 26.00
node-graceful-fs 0.3096 86.99 32.47
postcss 0.3528 83.98 37.86
supertest 0.3495 92.70 36.01

Table 6.9: Per-Project Comparison with highest values for each metric in bold.

Findings: Tool compatibility issues limited the evaluation to a subset of projects, expos-
ing gaps in the tools’ generalizability. TestPilot produces significantly greater coverage
than SynTest at the cost of large test suites and lower pass rates. The generated tests
differ in quality and targeting precision, with TestPilot sometimes covering unintended
code paths and SynTest producing tests that lack assertions. Overall, both tools show
complementary strengths, exploring different code and exhibiting different failure pat-
terns, underscoring the importance of diverse approaches in test generation.

6.3 Correlation Analysis

The third research question, as stated in Chapter [3] is:

RQ3: How do tool performance outcomes correlate to code complexity char-
acteristics and JavaScript features?

6.3.1 Project Level Results

The complexity correlation analysis at the project level reveals several notable trends. As
shown in Figures and SynTest shows a stronger negative correlation between
code complexity and coverage metrics compared to TestPilot. Specifically, SynTest’s per-
formance tends to decline with increasing cyclomatic complexity and average number of
features per project.

In contrast, TestPilot appears less affected by cyclomatic complexity, but its coverage
decreases moderately as the average number of features increases. Interestingly, the number
of units per project does not correlate with decreased coverage for SynTest, whereas for
TestPilot, a larger number of units is associated with lower coverage. The total number of
branches, however, does not exhibit a strong correlation with coverage for either tool.

The correlation between feature diversity and tool performance shows distinct differ-
ences between SynTest and TestPilot. As shown in Figures and [6.9] the tools respond
very differently to the presence of specific JavaScript features across projects.
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(a) SynTest: Coverage vs Complexity (b) TestPilot: Coverage vs Complexity

Figure 6.8: Comparison of statement and branch coverage correlation with complexity fea-
tures for SynTest and TestPilot on the project level.

For SynTest, negative correlations with coverage are observed for features such as
domInteraction, variadicParams, and objectManipulation, suggesting that these con-
structs may introduce challenges during test generation. On the other hand, features like
async, closures, and propertyAccess exhibit positive correlations with coverage, indi-
cating that SynTest handles these more effectively.

In contrast, TestPilot shows a broader negative correlation pattern: coverage tends to
decrease with the overall number of features in a project, and with the presence of most
individual features, except for objectManipulation, which shows a positive correlation.
This may suggest that TestPilot struggles with highly feature-rich codebases, though it per-
forms relatively well on complex projects.

These differences highlight that each tool has unique strengths and limitations when
interacting with the diversity of JavaScript constructs.

6.3.2 File Level Results

At the file level, some different patterns of correlation between complexity metrics and
coverage emerge for SynTest and TestPilot. Here, SynTest and TestPilot show very similar
correlations over complexity metrics. Figures [6.10al and |6.10b] illustrate how each tool’s
performance varies with complexity metrics across individual files.

For SynTest, no meaningful correlation is observed between coverage and cyclomatic
complexity or the number of units in a file. However, both the average number of features
per unit and the total number of branches show a negative correlation with coverage, sug-
gesting that files with diverse features and complex branching logic pose greater challenges
for SynTest.
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Figure 6.9: Comparison of statement and branch coverage correlation with diversity features
for SynTest and TestPilot on the project level.
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In contrast, TestPilot demonstrates a broader sensitivity to complexity metrics on the file
level. While the number of units does not correlate with performance, coverage tends to de-
crease with increasing cyclomatic complexity, average features per unit, and total branches.
This indicates that TestPilot’s coverage is more strongly affected by complexity at the file
level than SynTest’s.

These results suggest that while both tools struggle with increasing feature richness and
branching, TestPilot is more consistently impacted by complexity across different metrics.
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(a) SynTest: Coverage vs Complexity (b) TestPilot: Coverage vs Complexity

Figure 6.10: Comparison of statement and branch coverage correlation with complexity
features for SynTest and TestPilot on the file level.

Again, compared to the project-level results, some file-level correlation values diverge.
However, as can be seen in Figures [6.11a] and [6.11b| compared to [6.9a and [6.9b] overall,
the colorings of the heatmaps are similar, showing that specifically, TestPilot shows very
similar correlations.

SynTest shows more negative correlations between coverage and features than on the
project level. Specifically, regarding the total number of features, nestedFunction, dynamicTyping,
higherOrder, closures, implicitGlobals, and undefinedvalues. Only commondJsS
and propertyAccess show a slightly positive correlation.

For TestPilot, most features correlate negatively with coverage, with the exception of
async and prototype, which show no significant relationship. This suggests that TestPilot
may struggle more broadly with diverse feature presence at the file level, possibly due to
the compounded complexity of combining multiple constructs within small, self-contained
units.
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Findings: Tool performance correlates differently with code complexity and JavaScript
feature diversity, as well as on the file level compared to project level. SynTest’s cover-
age generally decreases with higher complexity and certain features but is less impacted
by project size, while TestPilot shows moderate sensitivity to complexity and a broader
negative correlation with feature richness. Overall, both tools exhibit distinct weak-
nesses when handling diverse and complex JavaScript-specific constructs, highlighting
the challenges that these language intricacies pose for automated test generation.
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Figure 6.11: Comparison of statement and branch coverage correlation with diversity fea-
tures for SynTest and TestPilot on the file level.






Chapter 7

Discussion

This chapter discusses the main findings of this study in light of the three research questions
outlined in Chapter[5] The goal is to interpret the results from Chapter [6] and identify any
limitations that might affect their generalization. Each section below corresponds to one
of the research questions and highlights key insights, challenges, and takeaways from the
analysis. The chapter concludes with threats to validity.

7.1 RQI1: Existing Benchmark Evaluation

While SynTest and TestPilot benchmarks include relevant JavaScript features, both suffer
from imbalanced feature representation and complexity. The comparison highlights a fun-
damental trade-off: small, carefully selected benchmarks (e.g., SynTest) offer depth but
may struggle with representativeness, while large, unfiltered ones (e.g., TestPilot) achieve
breadth but may lack complexity.

To understand why these imbalances occur, it’s important to recognize that neither
benchmark was designed to ensure balanced coverage of both features and complexity, a
limitation that often arises from practical collection constraints and is likely not unique to
these two benchmarks. Manual benchmark design is time-consuming, and the pool of well-
structured, testable projects is limited. For JavaScript, achieving diversity is particularly
difficult due to its diverse ecosystem. Automatic project collection can address this but risks
bias toward popular frameworks or coding styles, while manual selection improves control
but limits diversity and can introduce collection bias. In practice however, this means tools
evaluated solely on those benchmark might appear more capable than they are when applied
to feature-rich or more complex codebases.

Our custom benchmark addresses these issues but comprehensive benchmarks like ours
are essential for driving progress in automated test generation research, providing realistic
evaluations that reveal both strengths and weaknesses of tools. It can serve as a common
ground for consistent community-wide comparison and collaborative improvement. Peri-
odic updates will be necessary however to keep pace with the evolving JavaScript ecosys-
tem, including deprecations and emerging features.

From this evaluation, we conclude that effective benchmark design requires carefully
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balancing breadth and depth and leveraging innovative collection methods. Ongoing adap-
tation to language and ecosystem changes is essential to maintain meaningful assessments
and drive progress in automated test generation research.

7.2 RQ2: Tool Performance Comparison

7.2.1 Tool Executability

A significant limitation observed is the low execution success rate of both tools across the
full benchmark. This limited compatibility underscores a key challenge: despite advances
in test generation, many tools remain fragile when confronted with the complexity and
diversity of real-world codebases. These failures are not rare edge cases but common, as
shown by the large portion of the benchmark excluded due to tooling limitations. Such
brittleness limits usability and highlights that robustness, alongside coverage performance,
must become a core focus for future tool development.

To overcome these challenges, future test generation tools should adapt dynamically to
each project’s environment and code characteristics. Tools such as intelligent SWE agents
could easily achieve this by utilizing a feedback-driven setup approach. This adaptability
would help tools handle setup and parsing issues more robustly, improving compatibility
with diverse projects.

7.2.2 Performance Comparison on Runnable Projects

Across the benchmark projects, both tools show varied performance, with TestPilot how-
ever, overall achieving significantly higher coverage despite lower pass rates compared to
SynTest. This reflects its aggressive test generation strategy. Although it results in many
failing tests, the high generation volume ensures that enough valid and passing tests remain
to contribute significantly to coverage. The zero-shot baseline TestPilot without prompt re-
finements or execution feedback performs substantially worse, highlighting both the effec-
tiveness of TestPilot’s multi-step prompting strategy and the significant progress in LLM-
based test generation since the earliest implementations.

Compared to results reported in their original papers, both tools perform worse on our
benchmark (TestPilot: 27.9% median branch coverage vs. 52.8% in original paper; SynTest:
11.2% vs. 46.0%), with high variation across projects. This is likely due to the broader
feature diversity and higher code complexity in our dataset, which better captures real-world
challenges. However, we further explore potential links between coverage, code features,
and complexity in our correlation analysis, as well as through detailed test case examples.

Interestingly, comparing our findings to studies that evaluate testing tools on differ-
ent programming languages reveals contrasting trends. In our experiments, LLM-based
tools outperform search-based testing, while in others, search-based methods consistently
demonstrate better results than LLM approaches [4]. This highlights how tool effectiveness
can vary significantly depending on the language and context.

For practitioners, the results show a trade-off when selecting test generation tools. Syn-
Test may be more suitable in contexts where stable, reliably passing tests are required, for
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example, in CI pipelines or when tests are not expected to be human-reviewed or main-
tained. In contrast, TestPilot prioritizes coverage and fault discovery, producing a substan-
tially larger number of test cases, many of which fail. This is particularly suitable when the
tool is not used in a fully automated way. Where the test suites can be human-reviewed,
and failed test cases can be easily cleaned up. While this aggressive LLM-based genera-
tion approach contributes to high code coverage, it also comes at a higher operational cost,
especially since the tool relies on cloud-based inference and may transmit code or meta-
data externally. This raises considerations not only around cost but also data privacy and
infrastructure requirements.

7.2.3 Test Examples

The examples from the projects hoodie and supertest illustrate key challenges in automated
test generation for complex, real-world units. SynTest’s deep search algorithm can en-
able it to mock required objects to a certain degree. However, unsurprisingly it falls short
when SynTest fails to generate an express app, as this requires a degree of domain-specific
knowledge about expected data types and frameworks. Another notable limitation of Syn-
Test’s generated tests is the lack of assertions, which reduces their practical value despite
coverage numbers.

TestPilot’s tests tend to be more natural, utilizing its meta-level domain knowledge, but
often fail for simple reasons. Furthermore, TestPilot sometimes achieves higher coverage
by targeting related functions rather than the primary unit, which inflates coverage metrics
without guaranteeing comprehensive testing of the intended code.

The chosen projects contain human-written tests that adequately cover the example
units, demonstrating that these complexities, while challenging, are realistically testable by
humans. This highlights the current gap between automatic methods and human expertise,
where humans can more easily incorporate the necessary contextual knowledge.

Regarding readability, both tools produce tests with shortcomings. SynTest’s tests of-
ten include non-descriptive variable names like register?2 and serverl, while TestPilot
uses more generic but type-appropriate names. Both lack explanatory comments and clear
objectives, making it difficult to understand the purpose of individual tests or the reasoning
behind test inputs. This absence of context further limits the maintainability and usefulness
of the generated tests.

Finally, it is important to note that the coverage differences observed between SynTest
and TestPilot in these examples do not have straightforward explanations. The projects
were specifically selected because the tools’ performance differed substantially, yet in most
cases the reasons for these discrepancies are multifaceted. This complexity underscores the
challenge of automated test generation and suggests that no single approach consistently
outperforms the other across all scenarios.

7.2.4 Failure Analysis

A search-based tool like SynTest exhibiting test errors and failures is unusual and is not
accounted for in its original paper. The errors are of various nature but mainly caused by
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assertion failures, syntax issues and type errors. While assertion failures can also indicate
bug-revealing tests that are actually desirable, distinguishing these from failures caused by
incorrect test logic or invalid assumptions is challenging and often requires manual inspec-
tion. They could therefore point either to successful fault detection or to errors in the tools
implementation and limitations in how it infers types and input constraints during test gen-
eration.

TestPilot’s higher rates of syntax and timeout errors result from its main reliance on
LLMs, without strong parsing or execution validation, leading to the generation of syntacti-
cally incorrect and poorly formatted code. This issue is a known challenge in LLM-driven
test generation.

7.2.5 Similarity Analysis

The similarity analysis reveals that SynTest and TestPilot generate complementary test
suites, each exploring somewhat different parts of the codebase. Even after an aggrega-
tion of 10 runs, the Jaccard similarity is not 1 and not all of a single tool’s coverage is
contained within the other. Meaning that the differences in coverage are not merely due to
variability in individual runs. This suggests that each tool’s test generation approach has a
unique exploration pattern, producing test cases that target distinct code paths or behaviors.

This complementary behavior has important practical implications. Combining the out-
puts of both tools may produce a more comprehensive test suite. It also points to opportu-
nities for hybrid approaches that integrate the strengths of both methods to maximize code
exploration.

7.3 RQ3: Correlation Analysis

The correlation analysis reveals clear differences in how SynTest and TestPilot seemingly
respond to code complexity and feature richness. These relationships provide insight into
the potential types of code each tool is better suited for and shed light on potential limitations
in their design.

SynTest is more brittle with increasing cyclomatic complexity and diverse JavaScript
features, confirming that search-based strategies struggle to scale with intricate control
flows and feature interactions. TestPilot, while less sensitive to complexity, still drops in
performance as feature richness grows—expected for LLM-based generation, which can be
tripped up by loosely typed, non-deterministic, or highly functional constructs. Feature-
level patterns largely match these trends: SynTest handles async and closures better but
struggles with DOM interactions and variadic parameters; TestPilot handles object manip-
ulation better but falters with dynamic typing and higher-order functions.

TestPilot’s coverage declines as the number of units increases, which is unexpected
since it generates tests at the function level. A possible reason is that projects with many
units often have heavier cross-file dependencies that LLM prompts don’t fully capture. At
the file level, correlations often reverse or strengthen: SynTest’s negative correlation with
complexity becomes sharper, and certain features (e.g., nested functions, implicit globals)
reduce coverage more locally than at the project level. TestPilot shows more consistently
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negative correlations across most features at the file level, suggesting that dense feature
combinations in a single file are harder for LLM-based generation than project-level aver-
ages imply.

Overall, SynTest is more limited by structural complexity while TestPilot is more sen-
sitive to feature richness. Neither is robust across all scenarios, highlighting their comple-
mentary strengths and weaknesses. Utilizing this information could lead to feature-aware
tool orchestration, where code segments are pre-analyzed and assigned to the tool most
likely to succeed, leveraging the strengths of each tool and possibly increasing coverage
and robustness.

7.4 Threats to Validity

7.4.1 Internal Validity

For both SynTest and TestPilot, flaky or inconsistent runs posed a threat. TestPilot’s LLM-
based generation introduces nondeterminism even when rerun with identical inputs, and
SynTest occasionally failed due to internal errors or produced non-runnable test files. To
mitigate this, we repeated experiments across multiple runs and reported average values
where appropriate. However, tool crashes, environment mismatches, and limitations in the
tools’ ability to handle certain inputs could still have skewed the coverage or pass rate
metrics.

Additionally, the evaluation pipeline involved multiple steps, including static analysis,
execution tracing, and test validation. While we took care to automate and verify each step,
the complexity of this pipeline may have introduced hidden bugs or inconsistencies. We
used manual inspection to validate a subset of results, but full end-to-end verification is
infeasible.

7.4.2 External Validity

External validity concerns the extent to which findings generalize beyond the studied bench-
mark. We carefully curated the benchmark to cover a variety of popular JavaScript and
TypeScript projects, but the portion of runnable projects by both tools is still limited in size
and scope. In particular, the benchmark focuses primarily on npm packages with exported
backend units, and does not focus on, for example, front-end frameworks which may behave
differently. We required all projects used for the evaluation to be runnable and compatible
with the tools’ test harnesses, which may bias the final dataset used in the evaluations to the
tools.

Additionally, TestPilot was only used with a limited model, most similar to the one used
in its original paper, which is not the largest or most capable one available, meaning results
may not reflect its maximum potential performance. The study also focused specifically on
white-box unit test generation, where the source code is available and the goal is to generate
tests for it, rather than black-box test generation from natural language descriptions or high-
level specifications.
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Furthermore, the test suite evaluation pipeline may not generalize to other test genera-
tion tools, particularly those using very different approaches (e.g., symbolic execution) or
with broader language support. Similarly, the observed tool behaviors may change with
future updates.

7.4.3 Construct Validity

Construct validity addresses whether the chosen metrics are good proxies for what we aim
to measure, in this case, the effectiveness and generalizability of test generation tools.

While coverage metrics are widely used, they do not capture the semantic quality or
fault-finding ability of generated tests. High coverage does not necessarily mean that mean-
ingful assertions are being made. Similarly, pass rate can be misleading. A high pass rate
may reflect well-formed tests, but may also result from overly generic assertions. Con-
versely, failing tests may still be valuable if they expose unexpected behavior or subtle edge
cases. In both tools, some failing tests stemmed from genuine assertion failures, while
others resulted from invalid inputs, which calls for interpretation.

A potential threat to construct validity relates to data leakage for LLM-based tools such
as TestPilot. We did not explicitly analyse potential effects of data leakage in our evalua-
tion, primarily because our benchmark, after filtering, contained very few GitLab or new
projects, with GitLab projects considered free from training data influence. This is partic-
ularly true for the final subset of projects that both tools could run, which only includes
one GitLab project. Moreover, TestPilot’s original paper performed a similar analysis and
found no performance difference between GitHub and GitLab projects. In practice, data
leakage may have limited impact, it can be viewed as the model leveraging knowledge of
typical code constructs, which aligns with the intended behavior of LLM-based test gen-
eration. Supporting this, the single GitLab project included in our final evaluation did not
show worse performance for TestPilot compared to other runs or SynTests performance,
suggesting that any potential leakage did not distort our results significantly.
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Chapter 8

Conclusions and Future Work

This chapter summarizes the main contributions of the project, reflects on key findings from
the empirical evaluation, and outlines potential directions for future work.

8.1 Contributions

This thesis has presented a comparative evaluation of two state-of-the-art automated test
generation tools for JavaScript, SynTest, a search-based tool, and TestPilot, an LLM-based
tool. The main contributions are as follows:

* A carefully curated and runnable benchmark of real-world JavaScript and TypeScript
projects, covering highly complex units and diverse language features, designed to
support future evaluations of automated test generation tools.

* A reusable automated test suite evaluation pipeline that collects coverage and pass
rate metrics and performs correlation analysis to code complexity and feature charac-
teristics at multiple granularity levels, enabling consistent comparison across different
test generation tools.

* A modular static analyzer designed to extract units under test and analyze their lan-
guage features and complexity, forming a reusable tool for JavaScript dataset evalua-
tion.

* A detailed empirical study of the tools’ performance, showing how their coverage,
pass rates, and robustness vary across different project characteristics and code fea-
tures.

* A discussion of practical considerations in integrating and using these tools in real-
world workflows, including observations about flaky executions, compatibility issues,
and general tool maturity.
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8.2 Reflection

The evaluation revealed that both tools have distinct strengths and weaknesses. TestPilot
consistently achieved higher coverage, particularly branch coverage, likely due to its ag-
gressive generation strategy and use of execution feedback. However, this came at the cost
of test stability and higher failure rates, with a substantial portion of generated tests ei-
ther failing or being invalid. Moreover, the tool’s reliance on LLM prompting and remote
execution introduced practical constraints in reproducibility and latency.

SynTest, on the other hand, produced fewer but more stable test cases, typically achiev-
ing significantly higher pass rates. Its search-based strategy, however, showed sensitivity
to unfamiliar JavaScript constructs due to its reliance on static analysis and limited parser
support.

The correlation analysis provided additional insights into how code characteristics af-
fect tool performance. SynTest was more sensitive to complexity at the file level, especially
branching and feature-rich units, while TestPilot’s performance degraded more steadily with
increased feature diversity. However, results also showed that both tools exhibit high per-
formance variance across projects and that the tools often achieved distinct coverage, sug-
gesting complementary strengths that could be leveraged in combination for more compre-
hensive test suites.

Finally, this study also highlighted broader challenges in evaluating automated testing
tools: from defining meaningful metrics to ensuring tool compatibility in complex ecosys-
tems like JavaScript. Despite advances in SOTA tooling, there remains a significant gap
between academic performance claims and real-world applicability.

8.3 Future Work

There are several promising directions to build on this work:

* Improved test quality assessment: Future evaluations could go beyond structural
metrics by incorporating mutation scores, fault detection rates, or more manual in-
spections to better assess the semantic quality of generated tests. This would provide
a more holistic view of tool effectiveness.

* Model selection for LLM-based tools: Exploring how more recent, improved lan-
guage models, used by either TestPilot or another LLM-based tool, perform within
the same benchmark and evaluation framework used in this study could provide valu-
able insights into the impact of model choice on test generation effectiveness and the
current status of LLM-based test generation.

* Cross-language benchmarks: The benchmark creation strategy proposed in this
study, emphasizing language feature representation and code complexity, can be adapted
to develop benchmarks for other programming languages.

* Tool augmentation or hybridization: Combining the strengths of search-based and
LLM-based approaches, or improving the tool methodology evaluated, by utilizing
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the insights gained from this thesis, could offer a tool with improved performance
and coverage.

8.4 Conclusions

This thesis explored the current status of JavaScript test generation by analyzing how two
fundamentally different state-of-the-art test generation tools behave on real-world JavaScript
codebases. The results show that while LLM-based tools like TestPilot can generate higher
coverage, they often do so at the cost of test generation bloat, producing a large volume of
test cases, many of which fail or contribute little to meaningful validation. Search-based
tools like SynTest offer higher test stability but may struggle with complex or highly dy-
namic code. Neither tool universally outperforms the other, and both face challenges in
achieving robust, high-quality test generation across diverse and complex codebases.

The findings reinforce the importance of evaluating testing tools in realistic settings and
using multiple perspectives, evaluation metrics, and analysis to understand their behavior.
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