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Abstract

In the era of digital transformation, software has become a critical component across various
industries, driving innovation and operational efficiency. However, the increasing complexity
of software systems emphasizes the need for robust testing practices to ensure reliability
and quality. Traditional software testing methods are often time-consuming and resource-
intensive, creating a demand for automated solutions.

This dissertation explores the potential of Large Language Models (LLMs) in automating the
generation of unit tests through the development of CodeAssert, a comprehensive evaluation
framework. Recent advancements in LLMs, such as GPT, Gemini, and DeepSeek, have
shown promising results in code generation tasks, but their systematic evaluation for unit
test generation requires rigorous comparative analysis.

This research is guided by four specific research questions: What prompting techniques
(zero-shot vs. few-shot) are most effective for enabling LLMs to generate meaningful and
reliable test cases? What is the optimal temperature configuration for model performance
across different prompting strategies? Which LLMs providers and model configurations
demonstrate superior effectiveness in generating high-quality unit tests? And what is the
practical impact of integrating these models into existing software development workflows?

To address these questions, this work presents CodeAssert, a multi-provider evaluation
framework that systematically compares 46 different LLMs configurations across multiple
dimensions. The methodology employs the HumanEval dataset as a benchmark, a human
written dataset, evaluating generated tests through comprehensive metrics including syntax
validation, code coverage analysis, mutation testing, and assertion counting. The evalua-
tion encompasses models from major providers including Google Gemini and GitHub Models
(Azure AI), tested under various temperature settings and prompting strategies.

The experimental results demonstrate that while some LLMs configurations approach human
written test quality, none surpass the established baseline, indicating that current LLMs
are best positioned as augmentation tools rather than complete replacements for human
expertise. The analysis reveals significant variations in performance across different models
and configurations, with optimal temperature settings varying between zero-shot and few-
shot approaches.

This dissertation contributes to both research and industry by providing CodeAssert as a sys-
tematic evaluation framework for LLMs-based test generation, establishing comprehensive
benchmarks for comparing different models and techniques, and offering practical insights
into the current limitations and optimal usage patterns of LLMs in software testing contexts.

Keywords: largue language models, software testing, generative ai, unit test generation,
comparative analysis
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Resumo

Na era da transformação digital, o software tornou-se um componente crítico em várias
indústrias, impulsionando a inovação e a eficiência operacional. No entanto, a crescente
complexidade dos sistemas de software enfatiza a necessidade de práticas de teste robustas
para garantir a fiabilidade e qualidade. Os métodos tradicionais de teste de software são
frequentemente demorados e exigem muitos recursos, criando uma procura por soluções
automatizadas.

Esta dissertação explora o potencial dos Grandes Modelos de Linguagem (LLMs) na au-
tomatização da geração de testes unitários através do desenvolvimento do CodeAssert, uma
estrutura de avaliação abrangente. Os recentes avanços nas LLMs, como GPT, Gemini e
DeepSeek, revelaram-se promissores em tarefas de geração de código, mas a sua avaliação
sistemática para geração de testes unitários requer análise comparativa rigorosa.

A investigação é orientada por quatro questões de investigação específicas: Que técnicas
de prompting1 (zero-shot vs. few-shot) são mais eficazes para permitir que as LLMs gerem
casos de teste significativos e fiáveis? Qual é a configuração de temperatura óptima para o
desempenho do modelo em diferentes estratégias de prompting? Que fornecedores de LLMs
e configurações de modelo demonstram eficácia superior na geração de testes unitários de
alta qualidade? E qual é o impacto prático da integração destes modelos nos fluxos de
trabalho de desenvolvimento de software existentes?

Para responder a estas questões, este trabalho apresenta o CodeAssert, uma estrutura de
avaliação multi-fornecedor que compara sistematicamente 46 configurações diferentes de
LLMs em múltiplas dimensões. A metodologia emprega o conjunto de dados HumanEval
como referência, um conjunto de dados escrito por humanos, avaliando os testes gerados
através de métricas abrangentes incluindo validação de sintaxe, análise de cobertura de
código, teste de mutação e contagem de asserções. A avaliação abrange modelos de grandes
fornecedores incluindo Google Gemini e GitHub Models (Azure AI), testados sob várias
configurações de temperatura e estratégias de prompting.

Os resultados experimentais demonstram que, embora algumas configurações de LLMs se
aproximem da qualidade dos testes escritos por humanos, nenhuma supera a linha de base
estabelecida, indicando que as LLMs atuais estão melhor posicionadas como ferramentas de
apoio em vez de substituições completas da experiência humana. A análise revela variações
significativas no desempenho entre diferentes modelos e configurações, com configurações
ótimas de temperatura variando entre abordagens zero-shot e few-shot.

Esta dissertação contribui tanto para a investigação como para a indústria ao fornecer o
CodeAssert como uma estrutura de avaliação sistemática para geração de testes baseada em
LLMs, estabelecendo referências abrangentes para comparar diferentes modelos e técnicas,
e oferecendo contributos práticos sobre as limitações atuais e padrões de utilização ótimos
de LLMs em contextos de teste de software.

1Método de instrução ao modelo
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Chapter 1

Introduction

This chapter provides an overview of the research context, motivation, research questions,
objectives, and contributions of this dissertation. It sets the stage for the subsequent chap-
ters by outlining the importance of software testing and the potential of Large Language
Models (LLMs) in automating test case generation.

1.1 Context

In today’s era of digital transformation, software has become a critical component across
various industries, driving innovation and operational efficiency. However, the increasing
complexity of software systems emphasizes the need for robust testing practices to ensure
reliability and quality. These risks highlight the importance of comprehensive testing, yet tra-
ditional software testing methods are often time-consuming and resource-intensive, creating
a demand for automated solutions.

Recent advancements in LLMs, such as GPT, Gemini, and DeepSeek, have shown promise
in code generation tasks, opening new possibilities for automating unit test generation.
However, their systematic evaluation for unit test generation requires rigorous comparative
analysis to understand their practical effectiveness and limitations.

This work addresses this gap by developing CodeAssert, a comprehensive multi-provider eval-
uation framework that systematically compares different LLM configurations across multiple
dimensions. The research focuses specifically on unit test generation, examining how differ-
ent prompting strategies, temperature configurations, and model choices impact the quality
and reliability of generated tests.

This project was proposed by Group on Intelligent Engineering and Computing for Advanced
Innovation and Development (GECAD), at the Instituto Superior de Engenharia do Porto
(ISEP). GECAD (2024)’s mission is to advance scientific research and innovation by inte-
grating intelligence into engineering and computing systems to address complex societal and
technological challenges. GECAD’s expertise spans several areas, including Artificial Intel-
ligence, Ambient Intelligence, Affective Computing, Group Decision Support, Smart Grids,
Energy Efficiency and Sustainability, Demand Response, Cyber-Physical Systems, Cyberse-
curity, and the Internet of Things (IOT). These multidisciplinary areas of expertise enable
GECAD to tackle real-world challenges in domains such as energy, security, urban systems,
healthcare, and tourism. Their involvement in this project stems from their ongoing research
into innovative applications of AI in software engineering, particularly in automated software
testing, where they aim to explore cutting-edge solutions to improve testing efficiency and
reliability.
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This project represents a significant interdisciplinary challenge, particularly for a software
engineering-focused master’s degree where AI and machine learning concepts were not the
focus of the curriculum. The exploration of LLMs and their application in automated test
generation necessitated extensive preliminary learning across multiple domains, including
understanding AI model architectures, prompt engineering principles, and the nuances of
language model behavior. This learning process, while demanding, proved essential for ef-
fectively leveraging these technologies in the context of software testing and contributed to
a deeper appreciation of the evolving interdisciplinary nature of modern software engineering
challenges.

1.2 Motivation and Problem Statement

The emergence of Generative AI has fundamentally transformed the programming paradigm,
with tools like GitHub Copilot and ChatGPT becoming integral to modern software develop-
ment workflows. Developers now routinely use AI assistance for code completion, debugging,
and problem-solving, marking a shift towards AI-augmented programming practices.

Recent advancements in LLMs, such as GPT, Gemini, and DeepSeek, have demonstrated
remarkable capabilities in code generation tasks. However, these models also exhibit no-
table limitations: they can produce syntactically correct but semantically flawed code, may
hallucinate non-existent APIs, and lack comprehensive understanding of complex software
requirements.

In this context, automated software testing becomes increasingly critical. Test cases struc-
tured scenarios that verify software functionality through specific inputs and expected out-
puts serve as quality gates ensuring code reliability. Traditional automated testing relies
on scripted approaches where developers manually write test scripts using frameworks like
pytest, JUnit, or Selenium. However, this manual process is time-consuming and often
incomplete.

The intersection of generative AI capabilities and testing needs presents a compelling re-
search opportunity. While LLMs excel at understanding code structure and generating syn-
tactically valid outputs, their effectiveness in producing meaningful, reliable test cases re-
mains largely unexplored. This gap becomes particularly significant as AI-generated code
proliferates in production systems, necessitating robust automated testing strategies.

This dissertation investigates this challenge by developing CodeAssert, a systematic evalu-
ation framework that assesses how effectively different LLMs can generate unit test cases,
comparing various prompting strategies and model configurations to understand their prac-
tical utility in automated software testing workflows.

1.3 Research questions and Objectives:

Given the complexity of evaluating LLMs effectiveness in test generation and the need for
systematic comparison across multiple variables, this research is guided by four specific
research questions that address both technical optimization and practical implementation
concerns:

The research questions guiding this dissertation are:
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• RQ1: What prompting techniques are most effective to enable LLMs to generate
meaningful and reliable test cases?

• RQ2: What is the optimal temperature for the model’s performance using zero-shot
and few-shot prompting?

• RQ3: Which LLMs are most effective for generating test cases?

• RQ4: What is the impact of integrating these models into the existing software de-
velopment process?

To address the research questions outlined above, this dissertation establishes the following
specific objectives that guide the systematic investigation of LLMs-based test generation:

O1: Establish Theoretical Foundation: Provide comprehensive background on the Soft-
ware Development Life Cycle (SDLC), software testing methodologies, and LLMs
architectures to contextualize the research within existing software engineering and AI
paradigms.

O2: Conduct Systematic Literature Review: Perform a thorough analysis of current re-
search at the intersection of LLMs and automated test generation, identifying existing
approaches, limitations, and research gaps that inform the proposed methodology.

O3: Dataset Analysis and selection: Analyze the characteristics of datasets to identify
relevant features that aid in effective test generation, and select appropriate datasets
for evaluation.

O4: Design Multi-Provider Evaluation Framework: Develop CodeAssert as a compre-
hensive evaluation system capable of comparing multiple LLMs providers across various
configurations, prompting strategies, and temperature settings.

O5: Implement Evaluation Metrics: Establish a multi-dimensional assessment approach
incorporating syntax validation, code coverage analysis, mutation testing, and assertion
counting to provide robust quality measurements of generated test cases.

O6: Execute Systematic Experimental Evaluation: Conduct controlled experiments us-
ing the HumanEval dataset to evaluate 46 different LLMs configurations, comparing
zero-shot versus few-shot prompting approaches across multiple temperature settings.

O7: Analyze Results and Draw Insights: Examine the experimental results to identify
trends, correlations, and insights that inform best practices for leveraging LLMs in
automated test generation.

These objectives collectively aim to provide a comprehensive understanding of LLMs capa-
bilities in automated test generation while establishing a robust evaluation framework that
can guide future research and practical adoption in the software industry.

1.4 Scientific Contributions:

This research provides the following scientific contributions to the field of software engineer-
ing and AI-assisted testing:

• A systematic review of the use of LLMs in test generation.

• Development of a test generation API leveraging LLMs.
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• Evaluation of generated tests against industry-standard metrics.

• Recommendations for future research and development in the field of automated test
generation.

1.5 Outline of the Dissertation:

This dissertation is structured as follows:

Chapter 1: Introduction - Provides the motivation, objectives, research questions, contributions
of the work and outlines of the dissertation structure.

Chapter 2: Project Planning - Describes how the project was planned, including the timeline and
risks identified.

Chapter 3: State of the Art - Presents a brief theoretical introduction on SDLC, software testing,
Large Language Models and systematic review of LLMs for test generation.

Chapter 4: Solution Design and System Architecture - Outlines the methodology and pipeline for
training LLMs to generate test cases.

Chapter 5: Exploratory Data Analysis - Discusses the characteristics of datasets used for training
and insights gained from their analysis.

Chapter 6: Experimental Setup - Details the experimental design, including datasets, models,
prompts, and evaluation metrics used to assess the performance of the proposed so-
lution.

Chapter 7: Implementation and Evaluation - Describes the development process, experiments,
and results of the proposed solution. The evaluation includes metrics such as code
coverage, semantic accuracy, and fault detection rates to validate the effectiveness of
the generated test cases.

Chapter 8: Conclusion and Future Work - Summarizes findings, discusses limitations, and suggests
directions for future research.

1.6 Ethical Considerations

This dissertation is conducted with a commitment to ethical principles, guided by the Code
of Conduct of P.PORTO and the IEEE Code of Ethics. These frameworks emphasize
integrity, originality, transparency, and professional competence, which are central to all
aspects of this research. A declaration of integrity accompanies this work, affirming that it is
original, adheres to ethical standards, and avoids any form of plagiarism or result falsification.
Moreover, this research has not been submitted for any other purpose, ensuring its novelty.

Ethical considerations are integral to the planning and execution of this dissertation. By
adhering to established ethical codes, ensuring research integrity, responsibly handling data,
and addressing the societal implications of the proposed solution, this work aims to contribute
meaningfully to the field while upholding the highest ethical standards.

Additionally, this dissertation includes content that was developed during the Preparação
para Dissertação (PREPD) course, specifically literature review.
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1.6.1 Research Integrity and Methodology

The methodology employed in this research adheres to the standards of academic rigor. All
related works are comprehensively cited to acknowledge prior contributions, and the results
are presented in a manner that is consistent, verifiable, and reproducible. The potential for
bias is systematically addressed through rigorous research methods, transparent documen-
tation, and peer validation to enhance the reliability and credibility of the findings.

1.6.2 Ethical Use of Data

This work develops and evaluates LLMs for test case generation, utilizing datasets that
are free of sensitive or personal information. No additional data collection was required for
system evaluation, ensuring that privacy concerns are minimized throughout the research
process.

1.6.3 Addressing the Impact of Technology

The ethical implications of using LLMs for test generation are carefully considered. Trans-
parency in how test cases are generated and the explainability of the system’s outputs
are prioritized to ensure trustworthiness. The potential impact on stakeholders, including
software engineers, testers, and organizations, is also recognized, with a commitment to
delivering research outcomes that are both beneficial and socially responsible.

1.6.4 Use of AI-generated content

While developing this dissertation, AI-generated content was used in the following ways:

• Figure generation: Napkin.ai was used to generate figures 3.1 and 3.3.

• Code assistance: GitHub Copilot was utilized for code completion, auto-completion,
and programming assistance throughout the development process.

• Text refinement: GitHub Copilot was also used for grammar improvements and text
refinement.
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Chapter 2

Project Planning and Methodology

This chapter describes the planning process for the project, including the Work Breakdown
Structure (WBS), timeline, risk matrix, and the methodological approach used. The project
planning phase is crucial for setting clear objectives, defining tasks, allocating resources, and
establishing a timeline for project completion. By outlining the project’s scope, deliverables,
and milestones, the planning phase provides a roadmap for successful project execution.
Additionally, this chapter outlines the methodology employed for the development and ex-
perimentation phases.

2.1 Work Breakdown Structure

The WBS is a hierarchical decomposition of the project into smaller, more manageable tasks.
It provides a visual representation of the project’s scope, deliverables, and tasks, enabling
allocation of resources, track progress, and monitor dependencies. The WBS for this project
is presented in Table 2.1.

Table 2.1: Work Breakdown Structure

Phase Tasks

Research
Simple read
Systematic Review
PREPD Article writing

Modeling experiment
Data analysis
Model experiment for unit test generation
Article writing

System development/engineering
Proof of concept with APIs used
Article writing

Dissertation

Include systematic review
Include Modeling experiment
Include System design and implementation
Consolidate the writing

The WBS provides a high-level overview of the project’s structure, with each epic containing
tasks that contribute to the completion of the project objectives. The next section will
outline the project timeline, including key milestones and deliverables.
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2.2 Project Timeline

The project timeline outlines the actual execution dates for each major task, reflecting the
iterative and adaptive nature of the research process. This timeline captures the real pro-
gression of work, including adjustments made based on intermediate findings and unforeseen
challenges. The detailed timeline for this project is presented in Table 2.2.

Table 2.2: Project Timeline

Task Start Date End Date Status

Literature Review and Research 29/10/2024 04/12/2024 Completed
PREPD Article Development 05/12/2024 20/01/2025 Completed
Dataset Analysis and Preparation 21/01/2025 15/02/2025 Completed
System Architecture Design 16/02/2025 10/05/2025 Completed
Code_assert Library Development 01/03/2025 05/05/2025 Completed
Experimental Framework Implemen-
tation

06/05/2025 20/08/2025 Completed

Model Experimentation and Evalua-
tion

21/08/2025 31/08/2025 Completed

Dissertation Writing and Integration 01/09/2025 08/09/2025 Completed
Final Evaluation and Documentation 09/09/2025 14/09/2025 Completed

The project execution followed the planned timeline with several important adaptations.
The literature review and PREPD article development phases provided essential foundations
that directly contribute to Dissertação Integrada em Mestrado em Engenharia Informática
(DIMEI) course and the development of CodeAssert framework design. However, the dataset
preparation phase required significant extension due to HumanEval’s complexity, particularly
in transforming legacy test formats to pytest-compatible structures.

The most challenging phase was experimental framework implementation, where API rate
limits and model availability issues necessitated robust retry mechanisms and provider fall-
backs adding unexpected development overhead. The intensive model experimentation phase
consumed substantial computational resources, requiring careful result analysis across 46
configurations. The final dissertation integration was facilitated by comprehensive docu-
mentation maintained throughout development, enabling efficient synthesis of findings.

Overall, the iterative approach allowed for methodology refinements based on intermediate
results, ensuring alignment with research objectives despite technical challenges encountered.

Overall, the project timeline was effectively managed, with clear milestones and deliverables
established for each phase. Regular progress reviews and adjustments ensured that the
project remained on track and aligned with its objectives.

2.3 Risk Matrix

Risk management is an essential aspect of project planning, allowing to identify, assess, and
mitigate potential risks that may impact project success. The risk matrix provides a visual
representation of the likelihood and impact of identified risks, enabling the creation of risk
mitigation strategies. The risk matrix for this project is presented in Table 2.3.
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Table 2.3: Risk Matrix

Risk Likelihood Impact Mitigation

Data availability Low High Identify alternative data sources
Model performance Medium High Conduct extensive testing and val-

idation
Lack of domain knowl-
edge

High High Collaborate with domain experts

Time constraints High High Prioritize tasks and allocate re-
sources

Scope creep2 Medium High Communicate with stakeholders,
and manage requirements

2.4 Methodology: CRISP-DM for Model Development and Test
Generation

The development of the test generation solution with LLMs followed the Cross-Industry
Standard Process for Data Mining (CRISP-DM) methodology. CRISP-DM is a well es-
tablished framework for data-driven projects, providing a structured approach to guide the
development process from business understanding to deployment. This methodology was
adapted to the context of LLMs-based test generation, ensuring a systematic and iterative
process.

Figure 2.1: CRISP-DM Methodology

Image source: https://blog.analystats.com/images/crispdm/
CRISP-DM.png

CRISP-DM consists of six phases: Business Understanding, Data Understanding, Data
Preparation, Modeling, Evaluation, and Deployment, as illustrated in figure 2.1, and it is an
iterative process. The application of CRISP-DM to this project is outlined below.
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2.4.1 Business Understanding

The first phase involved defining the project objectives and requirements. The primary goal
was to develop an automated solution for generating unit tests using LLMs, addressing
the challenges of manual test creation in software development. Key requirements included
multi-provider LLMs integration, support for different prompting techniques, and compre-
hensive evaluation frameworks.

2.4.2 Data Understanding

This phase focused on exploring and understanding the available datasets for LLMs evalu-
ation. The exploration involved analyzing programming problem structures, understanding
test formats, and identifying potential challenges for automated test generation.

2.4.3 Data Preparation

The data preparation phase involved transforming raw datasets into formats suitable for
LLMs consumption and evaluation. This included cleaning and preprocessing to ensure
compatibility with testing frameworks and creating proper data structures for systematic
experimentation.

2.4.4 Modeling

The modeling phase involved designing and implementing the test generation system. This
included developing the core library for LLMs integration, implementing support for multiple
providers, and creating different prompting strategies. The experimental framework was
built with robust mechanisms to handle API limitations.

2.4.5 Evaluation

The evaluation phase assessed the performance of generated tests using multiple metrics
including syntax validation, functional correctness, test quality measures, and coverage anal-
ysis. Comparative analysis was performed across different models and configurations to
identify optimal approaches.

2.4.6 Deployment

The final phase involved preparing the solution for practical use, including creating experi-
mental interfaces, documenting the system architecture, and preparing results for analysis
and academic presentation.

The CRISP-DM methodology provided a flexible framework that accommodated iterative
improvements based on intermediate results and regular feedback from project advisors,
ensuring systematic progression through each development phase.

2.5 Project Management and Documentation

Effective project management was crucial for coordinating the various aspects of this research
project, which involved software development, experimentation, and academic writing. The
following tools and practices were employed to ensure structured progress and collaboration.
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2.5.1 Project Management Tools

This research project employed a combination of project management and collaboration
tools to ensure structured progress and effective coordination. Jira served as the primary
task management platform, providing comprehensive project tracking capabilities. Project
activities were broken down into manageable tasks and organized aligning with the Work
Breakdown Structure presented earlier in this chapter. The platform enabled progress moni-
toring. Kanban board provided visual workflow management, facilitating the tracking of task
progress from initial conception through completion stages.

GitHub was utilized as the primary platform for version control and collaborative develop-
ment, leveraging Git’s distributed version control system to maintain a complete history
of code changes with robust rollback capabilities. The cloud-based platform provided se-
cure backup functionality and ensures accessibility for all members, enabling collaboration
regardless of individual working environments.

The integration of these tools created a cohesive project management ecosystem that sup-
ported efficient task tracking, version control, and transparency throughout the research
project.

2.5.2 Documentation and Decision-Making Processes

Throughout the project, comprehensive documentation was maintained to support repro-
ducibility, knowledge transfer, and academic rigor. All major decisions, including technology
choices, methodology adaptations, and experimental design, were documented. The exper-
imental framework included detailed docstrings, comments, and README files explaining
setup, usage, and configuration.

This combination of project management tools and documentation practices ensured that
the project remained organized, transparent, and adaptable to the evolving requirements of
research and development work.
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Chapter 3

State of the Art

This chapter presents a comprehensive review of the current state of the art in software
testing, focusing on the integration of LLMs for test generation.

3.1 Software Development Life Cycle

The SDLC is a systematic process for planning, creating, testing, and deploying software
applications. It provides a structured approach to software development, ensuring quality
and efficiency throughout the project (Gupta 2021). This section provides an overview of
the SDLC phases and their relevance to software testing and the use of LLMs for test
generation.

3.1.1 Phases of Software Development Life Cycle

The SDLC consists of several distinct phases, as illustrated by Figure 3.1, each with specific
objectives and deliverables. The details of the SDLC process vary for different teams, (Gupta
2021). However, the common SDLC phases include:

Planning: Defining the project scope, objectives, and requirements.

Analysis: Gathering and analyzing the requirements from stakeholders to understand the project
scope and objectives.

Figure 3.1: SDLC Stages



14 Chapter 3. State of the Art

Design: Creating architectural and detailed design documents that outline the software struc-
ture and components.

Implementation: Writing the actual code based on the design documents.

Testing: Verifying that the software meets the specified requirements and identifying defects.

Maintenance: Releasing the software to the production environment and providing ongoing support
and updates after deployment.

3.1.2 Software Development Life Cycle Models

Various SDLC models exist, each with unique characteristics, advantages, and disadvan-
tages, (Gupta 2021) and (Ruparelia 2010). This sub section provides an overview of some
commonly used SDLC models:

• Waterfall Model: The Waterfall model is a linear and sequential approach where each
phase must be completed before the next phase begins. It is easy to understand and
manage due to its rigid structure. However, it lacks flexibility and is not suitable for
projects with changing requirements.

• Agile Model: The Agile model promotes iterative and incremental development, al-
lowing for frequent reassessment and adaptation of plans. It enhances flexibility and
customer satisfaction but requires close collaboration and may lead to scope creep.

• V-Model: The V-Model, or Verification and Validation model, emphasizes the parallel
relationship between development and testing phases. It ensures early detection of
defects but can be inflexible and costly to implement.

• Spiral Model: The Spiral model combines iterative development with risk manage-
ment. It allows for continuous refinement through repeated cycles, making it suitable
for large and complex projects. However, it can be expensive and requires expertise in
risk assessment.

• Other Models: Other models include Rapid Application Development (RAD), Proto-
type, and Incremental models. Each has its specific use cases, such as RAD for quick
development with user feedback, Prototype for refining requirements, and Incremental
for gradual implementation.

Each model has its strengths and weaknesses, and the choice of model depends on the project
requirements and constraints. The selection of an appropriate SDLC model is crucial for
the success of the software development project.

3.2 Software Testing

Software testing is a crucial activity in the SDLC focused on evaluating software quality and
improving it by identifying defects and problems. It is an essential practice to determine and
enhance software quality (Shahid, Ibrahim, and Mahrin 2011). Testing helps ensure that a
software application meets the business and technical requirements that guided its design and
development, and that it works as expected (Quadri and Farooq 2010). Furthermore, testing
can reveal failures, and it should be complemented by other validation activities (Baresi and
Pezzè 2006). Software testing involves executing software components to identify defects
and verify that the software meets specified requirements. The goal of testing is to expose
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failures and demonstrate that a program has errors, while also providing a status report of
the actual product in comparison to the product requirements. Without rigorous testing,
software enterprises would be reluctant to release their products, due to the potential for
critical software failures, usability issues, or security breaches. Testing also helps reduce
maintenance costs by identifying and resolving issues early in the development life cycle (J.
Wang et al. 2024).

3.2.1 Testing Levels and Types

Software testing can be divided into different levels, each with specific objectives and tech-
niques (Baresi and Pezzè 2006). Figure 3.2 depicts the testing phases within the V-Model
framework, which systematically aligns testing activities with their corresponding develop-
ment stages. This model underscores the criticality of conducting testing at each phase
of the software development process to ensure adherence to specified requirements and
quality benchmarks. Additionally, the V-Model accentuates the significance of verification3

and validation4 activities throughout the software development lifecycle (Baresi and Pezzè
2006).

Figure 3.2: Testing phases in the V-Model

Source:(Baresi and Pezzè 2006)

The testing levels include unit, integration, system, and acceptance testing, each addressing
different purposes and requirements. The types of testing performed depend on factors such
as system type, regulatory standards, user requirements, risk levels, test objectives, available
documentation, tester knowledge, time and budget constraints, and the development life
cycle (Quadri and Farooq 2010), (J. Wang et al. 2024), (Répási 2009). Figure 3.3 illustrates
the hierarchical relationship between these testing levels and their integration within the
software development process.

Unit Testing

Unit testing, also known as module testing, involves testing individual components or modules
of a software application in isolation (J. Wang et al. 2024), (Répási 2009). The primary

3Ensuring the system is built correctly
4Ensuring the correct system is built
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Figure 3.3: Levels of Software Testing

goal is to validate that each unit of the software performs as expected. Unit tests are
typically automated and written by developers during the coding phase, focusing on individual
functions or methods while isolating the unit from external dependencies using mocks or
stubs. This approach provides fast feedback to developers and facilitates early detection of
defects (Quadri and Farooq 2010).

Integration Testing

Integration testing focuses on verifying the interactions between integrated units or com-
ponents (Répási 2009), (Baresi and Pezzè 2006). The objective is to identify issues that
arise when units are combined and to ensure that the integrated system functions correctly
(J. Wang et al. 2024). Integration testing can be performed incrementally or as a big bang5

approach, detecting interface defects and integration issues while ensuring that combined
units work together as intended.

System Testing

System testing evaluates the complete and integrated software system to ensure it meets the
specified requirements (J. Wang et al. 2024). It focuses on validating the system as a whole
and verifying that it functions correctly in its intended environment (Répási 2009). This level
tests the entire software system, verifies functional and non-functional requirements, includes
black-box testing and end-to-end testing, and validates system performance, security, and
usability.

Acceptance Testing

Acceptance testing is conducted to determine whether the software is ready for delivery to
the end-users (J. Wang et al. 2024). It includes User Acceptance Testing (UAT) and Oper-
ational Acceptance Testing (OAT) to ensure that the software meets business requirements
and is fit for purpose (Répási 2009). This testing validates that the software meets user
requirements, involves end-users or stakeholders in the testing process, confirms readiness
for deployment, and ensures alignment with business objectives.

White-Box Testing

White-box testing, also known as clear-box testing or glass-box testing, involves testing
the internal structures or workings of an application. In white-box testing, the tester has
knowledge of the internal code structure and designs test cases based on this knowledge.

5Refers to a testing approach where all components or modules are integrated together at once
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This type of testing is typically performed at the unit level but can also be applied at
integration and system levels (Répási 2009). White-box testing requires knowledge of the
internal code structure and focuses on code coverage, including statement, branch, and path
coverage. This approach helps identify hidden errors and optimize code through techniques
such as control flow testing, data flow testing, and mutation testing.

Black-Box Testing

Black-box testing, also known as behavioral testing, focuses on testing the functionality of
the software without knowledge of the internal code structure. Testers design test cases
based on the software’s specifications and requirements. Black-box testing is typically per-
formed at the system and acceptance levels but can also be applied at the unit and integration
levels (Répási 2009). This testing approach does not require knowledge of the internal code
structure and focuses on validating the software’s functionality against its specifications.
Black-box testing helps identify discrepancies between the software’s behavior and its re-
quirements through techniques such as equivalence partitioning, boundary value analysis,
and decision table testing.

Mutation Testing

Mutation testing is a white-box testing technique used to evaluate the quality of test cases
by introducing changes (mutations) into the source code and observing whether the existing
test suite can detect those changes (Répási 2009). It helps assess the thoroughness of
test suites and identify areas where tests may be weak. Mutation testing can also be
used in conjunction with other techniques, like fuzzing and LLMs (J. Wang et al. 2024).
The process involves making intentional changes (mutations) to the source code, such as
small alterations like changing an operator or variable. The technique aims to assess the
effectiveness of the existing test suite by determining if the tests can detect the introduced
mutations. Mutants that are detected by the tests are considered ’killed’, while ’surviving’
mutants indicate weaknesses in the test suite. Mutation testing is used to improve test
cases by adding new tests to target areas where existing tests fail to detect mutations. This
approach can be combined with other test generation techniques to produce more diverse
test cases and is often used in conjunction with fuzzing and LLMs to improve code coverage
and discover edge cases, ultimately highlighting the limitations of test cases in detecting
bugs.

3.2.2 Metrics for Evaluating Tests

Evaluating the effectiveness of unit and integration tests involves various metrics that provide
insights into the quality and coverage of the tests. These metrics help in monitoring the
quality of testing, and assist in directing test generators to create test cases that cover areas
that have not been tested before. Metrics should be measurable, so that testing results are
unambiguous (Shahid, Ibrahim, and Mahrin 2011), (Quadri and Farooq 2010).

Code Coverage

Code coverage measures the extent to which the source code is executed during testing.
It helps identify untested parts of the codebase and ensures that critical paths are tested.
Coverage is the extent that a structure has been exercised as a percentage of the items
being covered. If coverage is not 100%, then more tests may be designed to test those
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items that were missed and therefore increase coverage. There is a need to cover all three
granularity levels of test coverage items, i.e. fine-grain, medium-grain and course-grain in
detail (Shahid, Ibrahim, and Mahrin 2011).

Types of Code Coverage:

• Statement Coverage: Percentage of executed statements.

• Branch Coverage: Percentage of executed branches in control structures.

• Function Coverage: Percentage of executed functions or methods.

• Other coverage items include block, decision, condition, method, class, package, re-
quirement, and data flow coverage (Shahid, Ibrahim, and Mahrin 2011).

It’s important to note that while code coverage is a useful metric, it does not guarantee
that all defects will be found. For example, a statement coverage of 85-90% may indicate a
bad design, which leads to too many non-executable statements (Baresi and Pezzè 2006).

Fault Detection Rate

Fault detection rate measures the ability of tests to identify defects in the software. It
is calculated as the ratio of detected faults to the total number of faults present. A test
is successful if it finds a defect (Répási 2009). The objective of testing should be to
demonstrate that a program has errors, and then only the true value of testing can be
accomplished. We should expose as many failures as possible to make the testing process
more effective (Quadri and Farooq 2010).

Importance of Fault Detection Rate:

• Indicates the effectiveness of the test suite.

• Helps prioritize areas for additional testing.

• Provides insights into the reliability of the software.

• A good criterion for test case evaluation is test effectiveness (number of errors it
uncovers in a given amount of time) (Quadri and Farooq 2010).

Test Execution Time

Test execution time measures the time taken to run the entire test suite. It is an important
metric for evaluating the efficiency of tests, especially in continuous integration and delivery
pipelines. Test execution should be done efficiently and effectively, within the budgetary and
scheduling limits (Quadri and Farooq 2010).

Factors Affecting Test Execution Time:

• Complexity of test cases.

• Number of tests in the suite.

• Performance of the testing environment.
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3.2.3 Challenges in Traditional Testing Approaches

Traditional testing approaches often face several significant challenges that can impact the
efficiency and effectiveness of the testing process (Quadri and Farooq 2010) and (Répási
2009). These challenges include:

• Time-Consuming: Manual test case design and execution can be extremely time-
consuming and labor-intensive. This often leads to delays in the development cycle,
as testing phases can become bottlenecks.

• Resource-Intensive: Traditional testing methods require significant human and com-
putational resources. Testers need to manually create, execute, and maintain test
cases, which can be costly and resource-draining.

• Scalability Issues: As software systems grow in complexity, traditional testing ap-
proaches struggle to scale. It becomes challenging to keep up with the pace of devel-
opment, leading to inadequate test coverage and potential quality issues.

• Maintenance Overhead: Keeping test cases up-to-date with evolving software re-
quirements is a continuous challenge. As the software changes, test cases must be
revised and maintained, which adds to the overall maintenance overhead.

• Limited Test Coverage: Manual testing often results in limited test coverage due to
the constraints on time and resources. This can lead to undetected defects and lower
software quality.

• Human Error: Manual testing is prone to human error, which can result in missed
defects or incorrect test results. This affects the reliability and accuracy of the testing
process.

To address these challenges, modern testing approaches such as automated testing, contin-
uous integration, and continuous delivery are increasingly being adopted. These approaches
aim to improve the efficiency, scalability, and reliability of the testing process by leveraging
automation and advanced testing tools (Répási 2009).

3.2.4 Industry tools

Software testing is a critical part of the software development process, and the industry
employs a wide variety of tools to ensure software quality and reliability. This section will
detail several key industry tools, focusing on those that aid in test generation, fuzzing, static
analysis, and mutation testing. These tools help automate and enhance the testing process,
making it more efficient and effective.

Test Generation and Tools

Test generation tools are designed to automatically create test cases that exercise various
parts of the software to identify defects and validate functionality. These tools enhance
the efficiency and effectiveness of the testing process by automating test case generation,
thereby reducing the manual effort required for designing and executing tests. Different
types of test generation tools are available, each offering unique strengths and limitations.
Key test generation tools include:

• Unit Test Generation:



20 Chapter 3. State of the Art

– EvoSuite: is a search-based software testing tool that automatically generates
unit tests. It works by using search algorithms to create test cases designed to
achieve high code coverage (Lee et al. 2024).

– Randoop: is a tool used to generate unit test cases using a feedback-directed
random testing approach. This involves randomly generating inputs and observing
the outcomes, iteratively refining the tests based on the feedback received from
the software under test (Lee et al. 2024).

• Fuzzing tools generate random or malformed inputs to detect security vulnerabilities
and crashes. By bombarding the software with unexpected data, fuzzers aim to uncover
flaws that might not be found using standard test inputs (J. Wang et al. 2024).

• Static analysis tools analyse the source code without executing it to detect potential
defects and vulnerabilities early in the development cycle. These tools look for patterns
or anomalies in code, such as potential null pointer dereferences, buffer overflows, or
security flaws, which can then be addressed proactively (Répási 2009).

• Mutation testing tools: Mutation testing involves creating mutants of the original
source code and then checking the test suite’s capability of finding the mutated code.
Mutation testing is a type of fault-based software (Quadri and Farooq 2010) testing
that is used in the industry to improve test effectiveness (J. Wang et al. 2024).

3.2.5 Summary

Software testing is a critical activity in the SDLC that helps ensure the quality, reliability, and
performance of software applications. It involves various levels and types of testing, including
unit testing, integration testing, system testing, and acceptance testing. Testing is essential
for identifying defects, validating software functionality, and ensuring that the software meets
specified requirements. By employing metrics such as code coverage, fault detection rate,
and test execution time, developers can evaluate the effectiveness of their tests and make
informed decisions to improve the testing process. Test coverage is an important indicator of
software quality and an essential part of software maintenance (Shahid, Ibrahim, and Mahrin
2011).

3.3 Introduction to Large Language Models

LLMs are sophisticated neural network models designed to process and generate text with
coherent communication and generalize across multiple tasks (J. Li, G. Li, et al. 2023). They
represent a significant advancement in the field of Artificial Intelligence (AI), particularly in
Natural Language Processing (NLP), as illustrated in Figure 3.4. These advanced AI models
are trained on vast amounts of text data and are capable of performing a variety of tasks,
including translation, summarization, information retrieval, conversational interactions, and
code generation (Naveed et al. 2023), (Siddiq et al. 2024). LLMs have emerged as a
result of breakthroughs in language models, primarily attributed to transformers, increased
computational capabilities, and the availability of large-scale training data. The fundamental
function of an LLM is to generate statistically likely continuations of word sequences, which
is extraordinarily versatile and has led to their consideration as powerful tools for a wide
range of applications (Shanahan 2024), (Naveed et al. 2023).
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Figure 3.4: Relationships between AI technologies, including LLMs

Source: (Pressman et al. 2024)

Figure 3.4 provides a high-level overview of the relationships and hierarchical connections
between various subfields of AI and related technologies. The Venn diagram illustrates the
overlap and distinctions between different AI technologies. The outermost circle represents
AI, the broadest field encompassing all efforts to create machines capable of intelligent
behavior, including reasoning, problem-solving, and learning. Within AI, Machine Learning
(ML) focuses on enabling machines to learn patterns and make decisions or predictions
from data without explicit programming. Deep Learning (DL), a subset of ML, employs
neural networks with multiple layers to analyze large datasets, driving many modern AI
breakthroughs (Naveed et al. 2023). Generative AI (GenAI) is concerned with creating
content, such as text, images, or music, based on learned patterns. NLP deals with the
interaction between computers and human language, encompassing tasks such as language
understanding, translation, and sentiment analysis. LLMs, such as GPT, are a specific
application of both NLP and DL, utilizing transformer architectures to process and generate
human-like text based on extensive datasets, and are a key component of GenAI (Pressman
et al. 2024) and (Z. Jin 2023).

The overlapping areas in the diagram highlight the interconnectedness of these fields and
technologies. For instance, LLMs exist at the intersection of DL, GenAI, and NLP. While
NLP and GenAI share techniques and applications, they differ in scope, with NLP focusing
more on understanding and processing text, and GenAI on content creation.

3.3.1 Historical Development

The field of NLP has progressed from statistical to neural language modeling, and then
from Pre-trained Language Models (PLMs) to LLMs. Conventional language modeling
(LM) trained task-specific models in supervised settings, while PLMs are trained in a self-
supervised setting on large text corpuses to learn a generic representation that can be shared
among various NLP tasks. Early LLMs, such as T5 and mT5, employed transfer learning, but
then GPT-3 demonstrated that LLMs can be zero-shot transferable to downstream tasks
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without fine-tuning. The transition from PLMs to LLMs involved a significant increase in
model parameters and training dataset sizes (Naveed et al. 2023).

The history of LLMs begins with the early days of statistical models (Naveed et al. 2023).
Initially, these models relied on simple probabilistic methods to predict the next word in
a sequence. However, as the field of AI progressed, researchers began to explore more
sophisticated approaches.

One of the most significant breakthroughs came with the introduction of the transformer ar-
chitecture (Naveed et al. 2023). This new design allowed models to better handle long-range
dependencies in text, which was a major limitation of previous methods. The transformer ar-
chitecture’s ability to weigh the importance of different parts of the input text revolutionized
the way language models were built.

As researchers continued to experiment with these new architectures, they discovered that
scaling up the size of the models led to significant performance gains. This realization led
to the development of increasingly larger models, such as GPT-3, GPT-4, and PaLM (H.
Jin et al. 2024) and (Naveed et al. 2023). These models featured enhanced reasoning and
decision-making abilities, making them capable of performing a wide range of tasks with
remarkable accuracy.

The evolution from task-specific models to PLMs marked another important milestone in
the history of LLMs. PLMs were trained on vast amounts of text data, allowing them to
learn a generic representation that could be fine-tuned for various tasks. This approach
paved the way for the development of LLMs with even more parameters and larger training
datasets (Naveed et al. 2023).

In addition to advancements in model architecture and size, researchers also developed
new techniques to enhance the performance of LLMs. Techniques like prompt engineering
and Chain-of-Thought (COT) were introduced to improve contextual analysis and reasoning
(Shanahan 2024). These methods allowed LLMs to generate more accurate and contextually
relevant responses, further solidifying their place as powerful tools in the field of AI (Naveed
et al. 2023).

3.3.2 Architectures and Techniques

LLMs are typically based on transformer networks. Transformer-based neural networks are
trained with the language modeling objective, that is, to predict the next token based on the
preceding context (Kang, Yoon, and Yoo 2023). These architectures use attention mecha-
nisms, which allow the model to weigh the importance of different parts of the input when
processing information. The attention mechanism enables LLMs to understand long-range
dependencies in text (Naveed et al. 2023). Different types of LLM architectures include
encoder-only, encoder-decoder, and decoder-only models, each with specific applications in
software engineering tasks (Hou et al. 2024). Encoder-only LLMs are used for tasks requiring
comprehensive understanding, encoder-decoder LLMs for tasks requiring understanding of
input information followed by content generation, and decoder-only LLMs are more suitable
for generation tasks (Hou et al. 2024).

3.3.3 Training and Fine-Tuning

LLMs are pre-trained on large-scale unlabeled text datasets using a next token prediction
objective. The training process requires substantial computational resources and data. The
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large size of LLMs leads to challenges in storage, memory, and computation, which can hinder
use in resource-limited and real-time scenarios (Hou et al. 2024). Fine-tuning LLMs on
specific datasets enhances generalization to unseen tasks, improving zero-shot performance
and reducing misaligned behavior. Methods like prompt engineering, which involves designing
natural language queries to guide LLMs responses effectively, and parameter-efficient tuning,
are used to optimize LLMs for specific applications (Naveed et al. 2023).

3.3.4 Prompt Engineering

Prompt engineering is a critical technique for effectively utilizing LLMs to generate relevant
and high-quality outputs (Shanahan 2024) and (Schulhoff et al. 2024). It involves crafting
specific instructions, questions, or contexts, known as prompts, to guide an LLM’s behavior
and improve its performance on targeted tasks. Rather than modifying the core parameters
of the LLM, prompt engineering leverages adaptable prompts to influence outputs without
altering internal parameters. This is particularly useful for adapting pre-trained LLMs to
specific domains and ensuring outputs are accurate, coherent, and contextually appropriate,
(Shanahan 2024), (Schulhoff et al. 2024) and (Naveed et al. 2023). Here are some key
aspects of prompt engineering that should be considered:

• Iterative process: Prompt engineering is not a one-off task but rather an iterative
process of developing and refining prompts through experimentation and analysis. The
process often involves evaluating the LLM’s output, identifying areas for improvement,
and modifying the prompt template. This may include re-wording, adding constraints,
or providing additional context or examples (Schulhoff et al. 2024).

• Prompt components: A well-structured prompt often includes several components
(Schulhoff et al. 2024). These components can be followed order:

– Instructions: Clear and concise directives that guide the LLM toward the desired
output.

– Context: Relevant background information or details that help the LLM under-
stand the task requirements.

– Examples: Demonstrations of the expected input-output pairs, especially helpful
in few-shot prompting.

– Input data: The specific information or query that the LLM needs to process.

– Output format: Specifications for how the response should be structured or
formatted.

• Prompting techniques: Several techniques can be applied to improve prompt effec-
tiveness, (Naveed et al. 2023) and (Schulhoff et al. 2024):

– Zero-shot prompting: Involves providing instructions without any examples.

– Few-shot prompting (also known as in-context learning): Demonstrates the task
with a few input-output examples.

– Chain-of-thought (CoT) prompting: Encourages the LLM to generate step-by-
step reasoning before providing the final answer.

– Tree-of-thought (ToT) prompting: Explores multiple reasoning paths with the
possibilities to look ahead and backtrack for problem-solving.
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• Prompt tuning: This involves adding learnable tokens to the input to guide the model
toward better task performance. It is a type of parameter-efficient fine-tuning, and
does not change the model’s architecture (Hou et al. 2024).

• Prompt engineering for code: Prompt engineering has become essential in modern
software development workflows, where LLMs are increasingly used as coding assis-
tants. Unlike general-purpose prompting, code-specific prompt engineering requires
understanding both the target programming language syntax and software engineer-
ing principles. Effective prompts can guide LLMs to generate more structured and
modular code by specifying architectural patterns, coding standards, and design con-
straints. For example, prompts that explicitly request error handling, type annotations,
or specific design patterns result in higher-quality code generation.

• Evaluation: Assessing the quality of the LLM output is essential for prompt engi-
neering. This will involve human evaluation or automated metrics that check for
correctness, coherence, and other desired characteristics (Schulhoff et al. 2024).

Prompt engineering is essential to ensure that LLMs produce accurate, relevant, and coher-
ent outputs. The effective application of prompt engineering involves a deep understanding
of both the task at hand and the capabilities of the LLM. It is also important to engage with
domain experts and test different approaches iteratively (Schulhoff et al. 2024). By lever-
aging prompt engineering, the full potential of LLMs can be harnessed to achieve superior
performance on a wide range of tasks.

3.3.5 Applications of Large Language Models

LLMs have a wide range of applications, including natural language processing tasks such
as text generation, translation, summarization, and question answering. They are also used
in code generation, assisting with the development lifecycle, refactoring code, and providing
intelligent code recommendations (H. Jin et al. 2024). In the field of software engineering,
LLMs are used for tasks like requirement analysis, program analysis, code summarization,
and program repair (Hou et al. 2024). LLMs can be incorporated into LLM-powered agents
which can generate plans, reason about tasks, incorporate memory, and adapt to feedback.
They also demonstrate potential in automated testing, generating test cases from bug re-
ports (Kang, Yoon, and Yoo 2023). They can be used in medicine, education, science,
mathematics, law, finance, and robotics (Naveed et al. 2023).

3.3.6 Types of Large Language Models

LLMs exhibit diverse characteristics based on their architectures, training methodologies,
and intended applications. General-purpose LLMs, such as GPT-3, PaLM, and Gemini,
are designed to perform a wide range of tasks, whereas specialized models like CodeGen
and StarCoder are optimized for code-related tasks. Additionally, certain models, such as
BLOOM, are developed with multilingual capabilities to generate text in multiple languages
(Hou et al. 2024). Some LLMs, like Gemini, possess multimodal capabilities, enabling them
to process various types of data, including text, images, and audio (Naveed et al. 2023).

The training data used for LLMs also varies significantly. While some models are trained
on extensive text datasets, others incorporate code or multimodal data to enhance their
performance. To improve performance and training stability, LLMs employ layer normal-
ization techniques, with pre-norm normalization being a common approach. Furthermore,
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LLMs utilize different methods of positional encoding, such as relative, learned, and rotary
positional encodings, to effectively manage the sequential nature of language data (Naveed
et al. 2023).

The "size" of a Large Language Model (LLM) typically refers to the number of parameters
it has. These parameters are the internal variables that the model learns during training,
which are then used to perform tasks such as text generation or language understanding
(Shanahan 2024) and (Hou et al. 2024). Larger models tend to have more parameters,
which can lead to improved performance on certain tasks. However, larger models also
require more computational resources and can be more challenging to train and deploy.

Key aspects to understand about the size of an LLM (Shanahan 2024) and (Hou et al.
2024):

• Parameters and Model Capacity: The number of parameters is a key factor determining
the model’s capacity to learn complex patterns in data. Generally, models with more
parameters have a greater capacity to learn and perform better on various tasks,
though this is not the only factor. models range in size from millions to trillions of
parameters.

• Computational Resources: Larger models with more parameters require significantly
more computational resources for training and inference. Training these large models
needs substantial computational power and large datasets.

• Performance: There is a strong correlation between the size of a model and its perfor-
mance. However, it’s important to note that model size is intertwined with the size of
the training data and the total compute used. For example, a 70B parameter model
trained with more data can outperform a larger 280B model trained with less data.

• Scaling: Scaling up model sizes significantly enhances their capacity, leading to im-
proved performance when the parameter scale surpasses a certain threshold. The
term "Large Language Model" was introduced to distinguish Language Models based
on their parameter size.

• Practical Implications:

– The size is one of the main factors affecting the performance of an LLM. Larger
models tend to perform better but are more costly to run.

– The size of the model is also an important factor for researchers choosing a model,
as larger models are generally not open source, thus restricting accessibility.

The following image provides an overview of the size of some LLMs:

Model Max Size (Parame-
ters)

Training
Data Specialization

GPT-3 175B Text data General-purpose

PaLM 540B
Text, code,
math

General-purpose

LLaMA
2

70B Text data General-purpose

CodeGen 16.1B Code Code generation
Star-
Coder

15.5B Code Code generation and repair
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BLOOM 176B
Multi-
lingual
Text

Multilingual text generation

Gemini 1.56T
Multimodal
Data

General-purpose with multimodal
abilities

GLaM 1.2T Text General-purpose

DeepSeek-
R1

671B Text General-purpose

Snowflake
Arctic

480B
Code, text,
math

Code, text, math

Table 3.1: Overview of different LLMs and their characteristics

3.3.7 Challenges and Limitations

Despite their capabilities, LLMs face several challenges, as mentioned by (Naveed et al.
2023):

• Computational costs, including extensive resource requirements for training and infer-
ence.

• Bias in training data, which can lead to unfair or discriminatory outputs.

• Hallucinations6, where LLMs generate incorrect or misleading information.

• Limited knowledge due to the static nature of pre-training data.

• Safety and controllability issues, as LLMs might generate harmful content.

• Security and privacy concerns, such as data leaks.

• Interpretability7 and explainability8 issues that can make understanding their decision-
making process difficult.

• Issues with long-term dependencies in complex dialogues and long documents.

• Adversarial robustness, with susceptibility to small, deliberate input alterations.

• Catastrophic forgetting, where LLMs can lose previously acquired knowledge when
trained on new tasks.

3.3.8 Future Directions

Future research and development in LLMs include several key areas, as highlighted by
(Naveed et al. 2023) and (Hou et al. 2024). One area of focus is improving efficiency,
particularly in resource usage and deployment. Another important direction is integrating

6Refers to the generation of responses that sound plausible, but are incorrect or not aligned with the
provided information (Naveed et al. 2023).

7Refers to the degree to which a human can understand the cause of a decision made by a model (Naveed
et al. 2023).

8Refers to the ability to understand and interpret the decisions made by a machine learning model (Naveed
et al. 2023).
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multi-modality, enabling LLMs to process different types of data like text, images, and audio.
Researchers are also exploring continuous learning to allow LLMs to adapt to new informa-
tion over time. Advancing transfer learning techniques to apply LLM capabilities across
different tasks is another significant area of interest. Additionally, there is ongoing work in
exploring hardware acceleration to reduce the computational cost of training and inference.

Enhancing safety and security to prevent misuse and protect data is a critical area of research.
Improving interpretability and explainability to foster trust and enable responsible AI usage is
also a priority. Developing LLMs with improved reasoning and planning capabilities is another
key focus. Creating personalized assistance tools for specific coding and development tasks
is being explored as well. Finally, establishing appropriate regulatory and ethical frameworks
for the responsible use of LLMs is essential for their future development and deployment.

3.3.9 Summary

LLMs have revolutionized the field of AI with their impressive ability to process and generate
human-like text and code (Naveed et al. 2023), (Hou et al. 2024). Their versatility and
potential for various applications make them a key area of research and development. Despite
the challenges and limitations, ongoing research and development are aimed at improving
LLMs to make them more effective and reliable tools for a wide range of tasks (Naveed
et al. 2023).

In the context of software testing, LLMs offer a promising avenue for automating the gen-
eration of unit and integration tests (Siddiq et al. 2024). Their ability to understand code,
combined with their capacity to generate text, makes them suitable for creating tests based
on method signatures, code behavior, and bug reports (Kang, Yoon, and Yoo 2023). How-
ever, it is crucial to acknowledge the limitations of LLMs and focus on using them as a
component of a larger testing strategy, not as a replacement for human insight. The careful
integration of LLMs into software engineering practices, combined with advancements in
addressing their challenges, is likely to lead to substantial improvements in code quality and
development efficiency.

3.4 Systematic Review

This section aims to describe the systematic review process for the research question men-
tioned in sub section 1.3.

3.4.1 Research Methodology

The systematic review will be conducted following the Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analyses (PRISMA) methodology (Moher et al. 2009) and (Page
et al. 2021), to ensure the review is conducted in a transparent and reproducible manner.
The review will be conducted in the following steps:

• Identification

– This step involves identifying search sources, search terms, and inclusion and
exclusion criteria.

• Screening9

9Refers to the process of selecting relevant publications from the search results.



28 Chapter 3. State of the Art

– This step involves screening the search results to identify relevant publications.

• Included

– This step involves selecting the final set of studies that meet all criteria for
detailed analysis and synthesis in the review.

Search sources were chosen to ensure that the review is comprehensive and includes relevant
peer-reviewed academic publications, search terms were created to be used in the search,
and inclusion and exclusion criteria were defined to ensure that only relevant publications
are included in the review.

3.4.2 Identification

Search Sources

The search sources, represented in Table 3.2, were chosen because they contain relevant
peer-reviewed academic publications for this systematic review.

Table 3.2: Search Sources

Source URL

ACM Digital Library https://dl.acm.org/
IEEE Xplore https://ieeexplore.ieee.org/
SpringerLink https://link.springer.com/
Wiley Online Library https://onlinelibrary.wiley.com/

Inclusion and Exclusion Criteria

The inclusion and exclusion criteria were established to guarantee the selection of publica-
tions pertinent to the review’s objectives. Table 3.3 outlines these criteria in detail. The

Table 3.3: Inclusion and Exclusion Criteria

Criteria Description

Inclusion

- IC1 - Publications in English
- IC2 - Publications were published in the last 2 years
- IC3 - Publications in peer-reviewed academic journals
- IC4 - Publications related to LLMs and software testing

Exclusion

- EC1 - Duplicate publications
- EC2 - Publications are Surveys or review papers or proceedings
- EC3 - Publications not related to LLMs and software testing
- EC4 - Full text not accessible

2-year publication timeframe (IC2) was selected to capture the most recent developments
in the rapidly evolving field of LLMs. Additionally, surveys and review papers were excluded
(EC2) to narrow the scope of results, as initial searches yielded an excessive number of
publications.



3.4. Systematic Review 29

Search Terms

Search terms were chosen to ensure that the search results are relevant to the research
question. Since the research question is about LLMs and test generation, and this is a rela-
tively new field, the search terms needed to be broad to ensure that all relevant publications
are included in the review. The search terms are shown in Table 3.4.

Table 3.4: Search Terms

Group Search Terms

Generative AI

"Large Language Models" OR "LLMs"
OR "Large Language Model" OR "LLM" OR "GPT"
OR "ChatGPT" OR "CodeBERT" OR "BERT" OR "CodeT5"
OR "T5" OR "LLaMA" OR "CodeLLaMA" OR "Copilot"
OR "StarCoder" OR "code generation"

Software Testing
"test generation" OR "unit tests"
OR "integration tests"

Test Quality
"test quality" OR "software quality" OR "code coverage"
OR "fault detection" OR "accuracy"

SDLC
"software development" OR "software development lifecycle"
OR "SDLC"

Exclusion
"systematic review"
OR "survey"

The search terms were divided into five groups to ensure that the search results are relevant
to the research questions. The groups are as follows:

• Generative AI: This group of search terms includes terms related to LLMs and code
generation, to ensure that the search results include publications related to LLMs and
code generation.

• Software testing: This group of search terms includes terms related to software testing,
to ensure that the search results include publications related to software testing.

• Test Quality: This group of search terms includes terms related to test quality, to
ensure that the search results include publications related to test quality.

• SDLC: This group of search terms includes terms related to the SDLC, to ensure that
the search results include publications related to the SDLC.

• Exclusion: This group of search terms includes terms that should not be included in
the search results, to ensure that only relevant publications are included in the review.

By combining the search terms in Table 3.4, the complete search query is as follows:

Search Results

The search results are shown in Figure 3.5. The search results were obtained by querying the
search sources with the search query in the previous section, initially applying some inclusion
criteria (IC1, IC2, and IC3), resulting in 110 records with no duplicates. The remaining
inclusion and exclusion criteria will be applied after obtaining the initial results to ensure
that only relevant publications are included in the review. The next step is to screen the
search results to identify relevant publications.



30 Chapter 3. State of the Art

("Large Language Models" OR "LLMs" OR "Large Language Model"
OR "LLM" OR "GPT" OR "ChatGPT" OR "CodeBERT" OR "BERT" OR
"CodeT5" OR"T5" OR "LLaMA" OR "CodeLLaMA" OR "Copilot" OR
"StarCoder" OR "code generation") AND ("test generation" OR
"unit test" OR "integration test") AND ("test quality" OR
"software quality" OR "code coverage" OR "fault detection" OR
"accuracy") AND ("software development" OR "software
development lifecycle" OR "SDLC") NOT ("systematic review" OR
"survey")

Table 3.5: Search Query

3.4.3 Screening

The search results were screened to identify publications that meet the inclusion and exclu-
sion criteria. The screening process is detailed in the PRISMA diagram in Figure 3.5. The
initial search identified 110 records from the selected databases. The screening process in-
volved reading the title and abstract of each record to determine its relevance to the review’s
objectives. After screening, 14 records were selected for further evaluation. These records
were then assessed for eligibility by fully reading them based on the inclusion and exclusion
criteria. Out of the 14 records, 0 records were excluded and 14 records were included in the
review. The next step is to review the full text of the selected records to determine their
relevance to the review’s objectives.

3.4.4 Included

The 14 selected records will be analyzed in detail to extract relevant information and syn-
thesize the findings. The results of the review will be presented in the next subsection.
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Identification of studies via database and registers
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• By reading title and abstract
(n = 96)
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• Reason 1 (n = 0)
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Studies included in review
n = 14

Figure 3.5: PRISMA Diagram

3.5 Related Work and Results

In this section, a comprehensive summary of the related work and results from the systematic
review are presented. Table 3.6 provides an overview of the research conducted by various
authors in the domain of software testing utilizing LLMs. The table encompasses the article
name, testing level, language, evaluation metrics, model(s), tunning technique(s). The table
is followed by a detailed discussion of the findings from the systematic review, highlighting
the significance of the research, the techniques employed, and the challenges and limitations
encountered. The section concludes with a discussion of future research directions in the
field of software testing using LLMs.
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3.5.1 Findings of the Systematic Review

Software testing is essential for ensuring software quality and reliability (Lops et al. 2024),
(Guilherme and Vincenzi 2023). It aids in the early identification of defects in the software
development lifecycle (Tang et al. 2024). Traditional software testing methods can be
time-consuming and costly, thereby emphasizing the necessity for automation (Lops et al.
2024). Automated testing aims to diminish the manual effort involved in testing, augment
efficiency, and improve software quality (Tung et al. 2024), (Boukhlif, Kharmoum, and
Hanine 2024). The complexity of software systems renders thorough testing a challenging
endeavor (Guilherme and Vincenzi 2023). This is particularly pertinent for C/C++ projects
such as embedded systems, where comprehensive code coverage is often mandated (Tung
et al. 2024).

Unit Testing and Automated Unit Test Generation

Unit testing is a widely used approach in software development, focusing on validating the
functionality of individual units of an application, such as methods or classes, to ensure their
correctness and reliability (Tang et al. 2024). It plays an essential role in the software testing
lifecycle, with the goal of identifying bugs early and preventing their further propagation
(Yuan et al. 2024). Effective unit tests improve code quality, prevent regressions, assist
debugging, and enhance the reliability of software (Zhang et al. 2024). Automated unit
test generation is an active area of research which aims to create test cases with minimal
human intervention (Guilherme and Vincenzi 2023). The motivation for automation arises
from the fact that manually creating unit tests is a time-consuming and labor-intensive task,
requiring considerable effort and expertise from developers and test engineers (Lops et al.
2024), (Guilherme and Vincenzi 2023). Developers may spend a large part of their time on
testing, which can be a significant proportion of IT budgets (J. Wang et al. 2024).

Various techniques are employed for unit test generation, including Search-Based Software
Testing (SBST), random testing, constraint-based testing, and the use of LLMs. SBST
techniques treat test generation as an optimization problem, utilizing algorithms such as
genetic algorithms to optimize test suites (Tang et al. 2024), (Tung et al. 2024). These
techniques aim to find test suites that provide high code coverage and detect errors. Tools
like EvoSuite exemplify the application of SBST (Bhatia et al. 2024). Random testing in-
volves the random generation of method call sequences, sometimes with feedback, to create
test cases (J. Wang et al. 2024). Constraint-based testing is another method of automated
test generation (Yuan et al. 2024). Recently, LLMs have been utilized to automate unit
test generation, leveraging their ability to learn from large amounts of code to produce test
cases and test assertions (Zhang et al. 2024), (Bhatia et al. 2024). ChatGPT is an example
of an LLM used in this context, and tools like ChatUniTest utilize LLMs for test generation
(Yuan et al. 2024), (Bhatia et al. 2024).

Although these automated techniques can achieve reasonable code coverage, the tests gen-
erated are sometimes less readable and meaningful than manually written tests (Yuan et al.
2024). Furthermore, automatically generated assertions may be difficult to understand, in-
complete, or not complex enough to detect all the relevant faults (J. Wang et al. 2024),
(Zhang et al. 2024). Ongoing research is focused on finding better ways to evaluate the
effectiveness of automatically generated tests and improving the readability and meaning-
fulness of test cases (Zhang et al. 2024).
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Prompt Engineering

Prompt engineering is a critical factor in effectively using LLMs for automated software test-
ing. It involves crafting specific instructions to guide the LLMs towards producing relevant,
high-quality outputs (Boukhlif, Kharmoum, and Hanine 2024). It is not simply about giving
instructions to an LLM, but about strategically designing those instructions to effectively
use the power of the model for automated testing (Boukhlif, Kharmoum, and Hanine 2024).

Recent advancements in prompt engineering have introduced several innovative techniques
to enhance the performance of LLMs in code generation and test generation tasks. One such
technique is employed by AceCoder, which incorporates guided code generation and example
retrieval to improve the quality of generated code (J. Li, Zhao, et al. 2024). Guided code
generation involves prompting LLMs to analyze requirements before code implementation,
thereby enhancing requirement understanding. Example retrieval addresses the challenges of
code implementation by providing the LLM with relevant code examples. AceCoder further
improves the quality of examples by using a selector to filter out redundant programs from
the retrieval results. This is achieved by extracting n-grams from both the input requirement
and similar requirements, and then calculating a recall-based ROUGE-n score between them.

Another technique, ChatTester, utilizes a basic prompt that includes a role-playing instruc-
tion ("You are a professional who writes Java test methods.") and a task-description in-
struction ("Please write a test method for the focal method name based on the given
information using Junit version"). This approach aims to enhance the LLMs’ ability to gen-
erate unit tests. The design of prompts, including the description style (natural language or
code language) and the code features included in the prompt, can significantly impact the
effectiveness of LLM-based unit test generation (Yuan et al. 2024).

Several studies have explored the use of zero-shot prompting, which directly feeds a re-
quirement into an LLM, and few-shot prompting, which uses example <requirement, code>
pairs. Iterative prompting has also been investigated to improve test coverage, involving the
feedback of missed statements into the prompt for the LLM to enhance coverage. Addition-
ally, differential prompting is employed to generate failure-inducing test inputs (Tang et al.
2024).

Prompt engineering is essential for maximizing the effectiveness of LLMs. It requires a
strategic approach that takes into account the specific LLM being used, the prompt design,
and the iterative refinement of the prompts (Yang et al. 2024), (Boukhlif, Kharmoum,
and Hanine 2024). These techniques collectively contribute to the advancement of prompt
engineering, optimizing the performance of LLMs in automated software testing and code
generation tasks.

Fine-Tuning

Several techniques have been explored in the context of fine-tuning LLMs for test generation.
The AceCoder technique, for instance, is specifically designed to enhance code generation
performance through prompting techniques alone, without requiring fine-tuning (J. Li, Zhao,
et al. 2024). In contrast, the DeepAssert method employs fine-tuning to adjust a pre-
trained model, specifically GraphCodeBERT, to better suit the task of generating assert
statements (H. Wang, Xu, and B. Wang 2024). The fine-tuning process in DeepAssert
includes using a cross-entropy loss function to minimize the difference between generated
and human-written assert sequences, applying a warm-up technique to adjust the learning
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rate to prevent instability, and employing a dropout technique to alleviate overfitting and
improve robustness.

Interestingly, some studies choose to use pre-trained models directly without further tun-
ing, indicating that many approaches utilize LLMs without task-specific adjustments. For
example, one study notes that the hyperparameter configuration from a pre-trained model
(GraphCodeBERT) contributes to the performance of the assert generation task. Addition-
ally, it is mentioned that only 3 out of 12 papers used fine-tuning, suggesting that many
studies rely on pre-trained models without additional training for specific tasks (Boukhlif,
Kharmoum, and Hanine 2024).

While techniques like AceCoder are explicitly designed to avoid fine-tuning, others like Deep-
Assert use fine-tuning to enhance performance for specific tasks such as assertion generation.
The sources suggest a varied approach to fine-tuning, with many studies using pre-trained
models without further adjustments, indicating that fine-tuning is not always deemed nec-
essary for every application of LLMs in software engineering.

Retrieval-Augmented Generation

Retrieval-based prompt selection is a technique aimed at enhancing the performance of LLMs
in code-related tasks by retrieving the most suitable prompts (Lops et al. 2024). Ease is a
retrieval-and-repair-enhanced LLM-based approach for assertion generation that combines
the retrieval of similar assertions with program repair techniques, intending to adapt the
retrieved assertions to make them more suitable for specific test cases (Zhang et al. 2024).

Self-Instruct is another technique that involves a language model generating its own in-
structions. This is a form of retrieval-augmented generation (RAG) where instructions are
retrieved from the LLM’s existing knowledge rather than from external sources (J. Li, Zhao,
et al. 2024). Retrieval-augmented code completion is discussed as a technique that retrieves
relevant code snippets to assist with code completion tasks (J. Li, Zhao, et al. 2024).

RAG is also employed to improve the effectiveness of LLMs in unit test generation by
retrieving unit tests relevant to the focal method. However, in some instances, the retrieved
tests were of lower quality than those generated by the LLM, negatively impacting the test
output (Yang et al. 2024).

Evaluation of Large Language Models Generated Tests

LLMs generated tests are evaluated using various metrics, including code coverage, mutation
score, test execution success rate, correctness, readability, bug detection capability, and
assertion accuracy, often showing comparable performance to traditional automated tools
but with some limitations in robustness and error handling, and they are frequently compared
to tests generated by SBST tools like EvoSuite, (J. Li, Zhao, et al. 2024), (Lops et al. 2024),
(Guilherme and Vincenzi 2023) and (Tang et al. 2024).

The evaluation of LLMs generated tests involves assessing several key factors. Code cover-
age measures how much of the code is executed by the test suite (Guilherme and Vincenzi
2023), (Tang et al. 2024). Mutation score evaluates how well the tests can detect faults
introduced into the code (Guilherme and Vincenzi 2023). The success rate of test execution
indicates how many tests run without error (Guilherme and Vincenzi 2023). Correctness,
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readability, and bug detection capabilities are also important factors to evaluate LLMs gen-
erated tests (Tang et al. 2024). Assertion accuracy evaluates the quality of the assert
statements generated by LLMs (Zhang et al. 2024).

Correctness ensures that the generated tests accurately validate the code’s intended behavior
(Tang et al. 2024). Readability evaluates how easy it is for humans to understand and
maintain the generated test code (Tang et al. 2024). Bug detection capability measures
the ability of the tests to find bugs in the code (Tang et al. 2024). Assertion accuracy
focuses on the quality and correctness of the assert statements within the tests (Guilherme
and Vincenzi 2023).

LLMs generated tests often show comparable performance to traditional automated test-
ing tools (Guilherme and Vincenzi 2023). However, LLMs generated tests may still need
improvements in certain areas, specifically their robustness. Test failures can occur due to
syntax errors or incorrect imports, rather than the detection of actual bugs (Lops et al.
2024).

3.5.2 Challenges and Limitations

Despite the promising results, there are still areas for improvement in the application of
LLMs for automated software testing. One significant challenge is the robustness of LLM
generated tests. These tests often lack robustness due to incorrect syntax or imports,
leading to failures that are unrelated to actual bugs (Lops et al. 2024). Achieving high code
coverage is another challenge, as LLMs may struggle with complex scenarios and specific
inputs needed to trigger defects (Tung et al. 2024), (Yang et al. 2024). Additionally,
automatically generated tests can lack readability and maintainability, possibly due to the
LLM prioritizing coverage over accuracy and not adhering to coding best practices (Bhatia
et al. 2024).

The ability of LLMs to generalize across different models and contexts is not assured, and
their effectiveness can be dependent on the code, data types, and syntax (Yuan et al. 2024),
(Tung et al. 2024), (Yang et al. 2024). Some techniques are limited in the types of data
they can generate, and not all support all languages equally well (Tung et al. 2024). Closed-
source LLMs also raise concerns about a lack of transparency and reproducibility (Yang
et al. 2024). Furthermore, LLMs can "hallucinate," generating semantically coherent but
incorrect or non-existent code, leading to compilation errors such as unresolved symbols
(Boukhlif, Kharmoum, and Hanine 2024), (Yang et al. 2024).

Despite the potential of LLMs to automate unit test generation, significant challenges remain
in achieving high-quality, robust, and maintainable tests.

3.5.3 Future Research Directions

Future research on unit test generation using LLMs should prioritize several critical areas to
improve the quality and reliability of the generated tests. First, advancements are needed in
automating error correction and enhancing the robustness of the produced tests (Lops et al.
2024). This entails generating tests that are not only dependable but also less susceptible
to issues such as incorrect imports and syntax errors, thereby ensuring their reliability and
alignment with the actual code under test.

Optimizing LLM prompt engineering is another pivotal area for development (Lops et al.
2024). Researchers should systematically explore diverse phrasing and structuring of prompts
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to guide LLMs toward generating more accurate and effective test cases. Experimentation
with various instructions is essential to achieve high-quality test outputs tailored to specific
requirements.

The integration of LLMs with search-based techniques and symbolic execution presents
a promising research direction (Boukhlif, Kharmoum, and Hanine 2024). Leveraging the
complementary strengths of these approaches can yield enhanced test generation capabilities.
For example, symbolic execution can be utilized to produce targeted inputs, which can then
be incorporated into test cases generated by LLMs

Further exploration of open-source LLMs for unit test generation is also essential (Yang
et al. 2024). Open-source models offer increased transparency and reproducibility compared
to proprietary alternatives, making them a critical focus for advancing the field. Harnessing
these models can also foster innovation while addressing concerns related to accessibility
and reproducibility.

The development of more robust evaluation metrics is another priority for assessing the effec-
tiveness of LLM-generated tests in identifying real-world software bugs (Zhang et al. 2024).
Current metrics, such as code coverage, are insufficient in isolation. Therefore, devising
new evaluation methodologies capable of assessing the practical bug-detection capabilities
of tests is imperative.

Lastly, incorporating domain-specific knowledge into the test generation process holds sig-
nificant potential to enhance the relevance and effectiveness of generated tests (Zhang et
al. 2024). By integrating contextual information about the software under test-such as its
functions, architecture, and application domain LLMs can produce tests better suited to the
specific challenges of the target software.

In conclusion, future research should focus on improving the practical utility and reliability
of unit tests generated by LLMs Key priorities include automating error correction, refining
prompt engineering strategies, combining LLMs with complementary techniques, promot-
ing the use of open-source models, establishing robust evaluation metrics, and leveraging
domain-specific knowledge. These efforts collectively aim to advance the effectiveness and
applicability of LLM-generated tests in real-world software development contexts.

3.6 Summary

Chapter 3 provides a comprehensive overview of the current state of the art regarding
software testing and the integration of LLMs for test generation, establishing a foundation
for exploring the use of LLMs in automating test case generation, addressing the increasing
demand for scalable and efficient testing solutions. It identifies both the opportunities and
challenges associated with integrating LLMs into software testing practices, setting the stage
for the subsequent chapters.

Key takeaways from this chapter are as follows. The SDLC offers a structured approach to
software development, ensuring quality and efficiency throughout the project lifecycle. Soft-
ware testing is critical within the SDLC for ensuring the quality, reliability, and performance
of software applications. It identifies defects and validates software functionality against
specified requirements. Various testing levels and types, including unit, integration, system,
and acceptance testing, are essential for a comprehensive software evaluation. LLMs have
revolutionized the field of AI due to their capacity to process and generate human-like text
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and code. They show promise in automating the generation of unit and integration tests,
providing a means to improve efficiency and reliability in software testing by understanding
code and generating tests based on method signatures, code behavior, and bug reports.
A systematic review was conducted, following the PRISMA methodology, to evaluate the
use of LLMs in software testing in a transparent and reproducible manner. The search
encompassed multiple databases, specific search terms, and inclusion/exclusion criteria to
identify relevant publications. The systematic review highlights that software testing is cru-
cial for ensuring software quality and reliability. Automated testing, particularly with LLMs,
is essential to reduce manual effort, enhance efficiency, and improve software quality, with
LLM-generated tests evaluated using metrics like code coverage, mutation score, and bug
detection capability. Despite their potential, challenges remain in applying LLMs for auto-
mated software testing, including the robustness of generated tests, achieving high code
coverage, and ensuring readability and maintainability.
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Chapter 4

Solution Design and System
Architecture

This chapter presents the solution design and system architecture for the automated unit test
generation system using LLMs. The architecture is designed to be modular, extensible, and
scalable, accommodating multiple LLM providers and evaluation methodologies. The system
integrates various components to provide a comprehensive framework for test generation,
evaluation, and analysis.

4.1 Architectural Overview

The system architecture is documented using the C4 model (Context, Containers, Com-
ponents), which provides multiple perspectives on the system design at different levels of
abstraction. This approach ensures comprehensive coverage of both structural and behav-
ioral aspects of the automated unit test generation system.

The modular architecture supports several extension points that facilitate future research
and development. New LLM providers can be added by implementing the base provider
interface, supporting integration of emerging models and APIs. The evaluation pipeline can
be extended with additional metrics without affecting existing functionality. The system
can be adapted to different datasets through transformation pipelines that convert data
into the expected format for test generation and evaluation. New prompting strategies and
model configurations can be easily introduced through the LLMModel configuration and
ModelTechnique enumeration without modifying core logic. Additionally, the usage of fine-
tuned models can be incorporated simply by adding a new model configuration, leveraging
the existing provider infrastructure. This models can be fine-tuned using the remaining 80%
of the HumanEval dataset, which was not used in this research due to computational budget
constraints.

4.1.1 Context Level (C1)

The context diagram shows the system’s position within the broader ecosystem, highlighting
interactions with external LLM providers (GitHub Models, Gemini Provider) and the file
system for data persistence. The system serves as a research platform for comparative
evaluation of LLM-based test generation capabilities.

4.1.2 Container Level (C2)

The container diagram reveals the system’s decomposition into two primary containers:
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Figure 4.1: System Context Diagram (C1) - High-level system interactions

Figure 4.2: Container Diagram (C2) - System decomposition into containers
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• lib_code_assert: The core library containing the service layer and integration logic
for LLMs providers. This container interacts with external LLMs APIs to generate
unit tests based on provided source code and prompts.

• experiment_code_assert.ipynb: The Jupyter notebook serving as the orchestration
layer for configuring and executing experiments. This notebook provides an interactive
interface for users to define experiment parameters, initiate test generation, evaluate
and aggregate the results.

This separation enables modular development while providing an accessible interface for
experiment configuration and execution.

4.1.3 Component Level (C3)

Figure 4.3: Component Diagram (C3) - Internal component structure

The component diagram details the internal structure of the core library, showing the rela-
tionships between key components:

• Service: The central orchestration component that enables interactions with vari-
ous LLMs providers through a unified interface, implementing the Facade pattern to
simplify complex API interactions.

• Providers: Concrete implementations for different LLMs providers (Gemini, GitHub
Models) using the Strategy pattern, allowing runtime provider selection while main-
taining consistent interfaces.

• Config: Centralized configuration management following the Single Responsibility
Principle, ensuring environment-based settings and API key validation are isolated
from business logic.

• Schemas: Data validation and serialization using Pydantic models, enforcing type
safety and preventing runtime errors from malformed LLMs responses or invalid API
requests.

• Exceptions: Custom exception hierarchy for specific error handling, enabling graceful
failure recovery and detailed logging without exposing internal implementation details
to the orchestration layer.
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4.2 System Design Principles

The architecture follows a modular design pattern that separates concerns between LLMs
interaction, test execution, evaluation, and result aggregation. The system is designed to
handle large-scale experiments while maintaining data integrity, enabling resumable execu-
tion, and providing detailed logging for reproducibility.

4.3 LLM Integration Library Design

The lib code_assert package implements a domain-driven design approach to manage the
complexity of LLMs interactions. The architecture prioritizes extensibility and maintainability
through clear separation of concerns.

4.3.1 Model Configuration and Metadata

The system, through the notebook, employs a model configuration system using the ModelMetaData
and LLMModel classes:

• ModelMetaData: Encapsulates technique-specific parameters (zero-shot, few-shot)
and temperature settings for fine-grained control over model behavior

• LLMModel: Extends metadata with operational parameters including rate limits, retry
policies, and provider-specific configurations

• ModelTechnique: Enumeration that defines prompting strategies and their associated
prompt generation logic

This design enables researchers to define distinct model configurations spanning multiple
providers and techniques, each with optimized parameters determined through preliminary
calibration experiments, while still managing rate limits and request per minute constraints
to avoid API throttling by each provider model.

4.3.2 Provider Abstraction Layer

The provider abstraction allows the implementation of the Strategy pattern10 to handle
diverse LLM APIs:

• BaseProvider: Abstraction class, defining the contract for all LLM interactions, in-
cluding request formatting, response parsing, and error handling

• GeminiProvider: Implements Google’s Gemini API with native token counting and
structured response handling

• GitHubProvider: Manages access to various models hosted on GitHub’s inference
platform

• Future Extensibility: The usage of the Strategy pattern allows for easy integration
of new providers without modifying existing code, only requiring the creation of new
provider classes that adhere to the BaseProvider interface and to provider specific
configurations.

10selecting a provider implementation at runtime
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4.4 Technology Stack

The system leverages a selected technology stack optimized for research reproducibility and
scalability:

4.4.1 Core Technologies

• Python 3.12: Primary programming language, chosen for its easy prototyping capa-
bilities, community support, and and robust testing frameworks

• Jupyter Notebook: Interactive development environment enabling iterative experi-
mentation and result visualization

• Docker: Containerization for consistent development environments and dependency
management

4.4.2 Testing and Evaluation Tools

• pytest: Testing framework used for executing generated tests and measuring code
coverage. Provides detailed reporting on both line and branch coverage metrics, en-
abling comprehensive assessment of test quality

• mutmut: Mutation testing framework that introduces controlled defects into source
code to evaluate test effectiveness. Measures the ability of generated tests to detect
code changes and identify logical errors

• coverage.py: Code coverage measurement tool integrated with pytest to provide
comprehensive coverage analysis including statement and branch coverage metrics

4.4.3 LLM Integration

The system integrates with multiple LLM providers through a unified interface. GitHub
Models API provides access to various open-source and commercial models hosted on
GitHub’s inference platform, including GPT, Mistral, and DeepSeek models. Google Gemini
API enables direct integration with Google’s Gemini models (1.5 Flash, 2.0 Flash, 2.5 Pro,
Gemma variants). The provider-agnostic design ensures that the architecture supports
easy integration of additional providers without core system modification.

4.4.4 Data Management and Development Tools

For data handling, the system employs pandas for data manipulation and analysis, particu-
larly for result aggregation and CSV handling. CSV format was chosen for result persistence
due to its simplicity, human readability, and broad tool compatibility. The development envi-
ronment utilizes Dev Containers with Docker-based setup to ensure consistent configuration
across different machines. Concurrent processing is managed through ThreadPoolExecu-
tor, enabling parallel model execution with configurable worker limits to balance throughput
against API rate constraints.
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Figure 4.4: Experimental Workflow Overview - Complete process
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4.5 Jupyter Notebook Workflow

The Jupyter notebook serves as the primary interface for experiment execution, implementing
a sophisticated workflow that handles concurrent model evaluation, error recovery, and com-
prehensive result tracking. As illustrated in Figure 4.4, the workflow manages the complete
experimental process from initial dataset preparation through final comparative analysis.

The choice of Jupyter notebooks provides significant advantages for research and develop-
ment: interactive debugging allows for step-by-step execution and immediate inspection
of variables and intermediate results, making it easier to identify and resolve issues dur-
ing complex experimental workflows. Additionally, the cell-based execution model enables
selective re-running of specific workflow stages without restarting the entire process, partic-
ularly valuable when debugging expensive LLMs API calls or evaluation pipeline components.

The system implements robust state management through DataFrames that track com-
pletion status, successful generations, and failures, ensuring expensive LLMs API calls are
never duplicated. Concurrent processing supports up to 5 parallel model configurations
while maintaining provider-specific rate limiting. The evaluation pipeline follows the work-
flow shown in Figure 4.4, performing syntax validation, pytest execution, and mutation
testing for comprehensive quality assessment.

4.5.1 Execution State Management and Resumability

The system implements robust state management through pandas DataFrames that track
three distinct aspects of experimental execution: completion status of each task-model
combination, successful test generations with comprehensive metrics, and detailed failure
information for debugging purposes.

This approach leverages CSV-based persistence to ensure that expensive LLMs API calls
are never duplicated and that experiments can be safely interrupted and resumed without
data loss. The resumability feature is critical given the computational costs and time re-
quirements of large-scale LLMs experiments. The state management system utilizes pandas
data manipulation capabilities to handle updates and maintain data integrity across multiple
parallel workers.

4.5.2 Concurrent Experiment Management

The workflow supports parallel execution of up to 5 concurrent model configurations, bal-
ancing throughput with API rate limits. Each concurrent worker:

• Maintains independent state tracking through separate DataFrame instances

• Implements provider-specific rate limiting to prevent API quota exhaustion

• Handles failures gracefully without affecting other workers

• Saves intermediate results to CSV files to prevent data loss during long-running ex-
periments

4.5.3 Comprehensive Evaluation Pipeline

For each generated test, the system performs a multi-stage evaluation following the workflow
diagram:
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1. Primary Evaluation: Validates syntax, compilation, import correctness and check if
pytest can run the tests (Doesn’t evaluate coverage or mutation at this stage)

2. Test Materialization: Creates temporary directory structure with source and test files

3. Pytest Execution: Runs tests in isolated environments with coverage analysis

4. Mutation Testing: Evaluates test quality using mutmut to introduce controlled de-
fects. In order to execute mutation testing, the tests must first pass the pytest stage
successfully due to mutmut requiring all tests to pass before proceeding with mutation
analysis.

5. Metric Collection: Aggregates comprehensive metrics including coverage percent-
ages, mutation scores, and assertion counts

4.5.4 Control Baseline Integration

The workflow includes automated setup and execution of control baseline evaluation using
the original HumanEval test suite. This process:

• Creates control test files from the transformed dataset (33 tasks representing 222
assertions)

• Executes the same evaluation pipeline used for LLM-generated tests

• Provides a consistent reference point for comparative analysis across all experimental
configurations

• Establishes the performance ceiling that LLM-generated tests are compared against

4.5.5 Result Aggregation and Analysis

The final stages of the workflow implements results processing:

• Global Aggregation: Merges results from all models and the control baseline into
aggregated_results.csv

• Comparative Rankings: Generates three distinct ranking analyses (best coverage,
worst coverage, closest to control)

• Report Generation: Produces CSV reports for detailed analysis

4.5.6 Integration with Overall Architecture

The notebook represents the orchestration layer in the container diagram and coordinates
interactions between all core components. It manages model configuration and coordinates
test generation requests across multiple providers, ensuring consistent API interaction pat-
terns. The notebook handles dataset loading and transformation, converting the HumanEval
dataset into the appropriate format for test generation while managing task distribution
across concurrent workers with comprehensive state tracking.

The orchestration layer manages the complete evaluation pipeline for each generated test,
coordinating pytest execution and mutation testing in isolated environments. It maintains
comprehensive result tracking through CSV-based persistence, generating comparative anal-
yses that enable researchers to identify optimal model configurations and performance pat-
terns across different providers and techniques.
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This integration ensures that the system remains accessible for researchers while maintaining
the modularity necessary for extension and modification. The notebook’s role as an orches-
tration layer provides both interactive debugging capabilities and automated experiment
execution, making it particularly suitable for iterative research workflows where intermediate
results need frequent inspection and analysis.

4.6 Summary

This chapter has detailed the design and architecture of an automated unit test genera-
tion system using Large Language Models. The modular, extensible architecture supports
multiple LLM providers and comprehensive evaluation methodologies, enabling robust ex-
perimentation and analysis. The Jupyter notebook workflow orchestrates the entire process,
from dataset preparation through result aggregation, with built-in support for resumability
and concurrent execution. The system is designed to facilitate future research through its
extensible components and provider-agnostic design.
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Chapter 5

Exploratory Data Analysis

This chapter presents a comprehensive Exploratory Data Analysis (EDA) of the OpenAI Hu-
manEval (2021) dataset utilized for evaluating automated unit test generation capabilities
of large language models. The analysis examines dataset characteristics, documents the
preprocessing pipeline, and establishes the methodological foundation for subsequent exper-
imental phases. The findings inform experimental design decisions and provide contextual
understanding for interpreting model performance results.

5.1 Dataset Source and Selection Rationale

The research employs the OpenAI HumanEval (2021) dataset, sourced from Kaggle11, as
the foundational corpus for automated unit test generation experiments. This dataset repre-
sents a meticulously curated collection of 164 handcrafted programming problems specifically
designed to evaluate code generation models while ensuring independence from training data
commonly used in large language model development.

The selection of HumanEval was motivated by several critical factors aligned with the re-
search objectives:

Language Specificity: The dataset’s exclusive focus on Python programming makes it par-
ticularly suitable for unit test generation research, as Python’s dynamic nature and extensive
testing ecosystem (pytest, coverage.py, mutmut) provide robust evaluation infrastructure
for assessing test quality and effectiveness.

Controlled Complexity: Each problem is deliberately scoped to single-function implementa-
tions without external dependencies, enabling deterministic evaluation and mutation testing
without environmental complications. This constraint supports reproducible experimentation
while maintaining semantic diversity across algorithmic domains.

Handcrafted Quality Assurance: Unlike synthetically generated datasets, HumanEval prob-
lems were manually constructed to ensure they remain outside the training corpora of con-
temporary language models, thereby providing unbiased evaluation of generalization capa-
bilities rather than memorization artifacts.

Comprehensive Problem Coverage: The dataset spans diverse algorithmic paradigms in-
cluding arithmetic computations, string manipulations, data structure operations, dynamic
programming, recursion, and combinatorial problems, providing broad coverage for evaluat-
ing test generation across varied computational contexts.

11https://www.kaggle.com/datasets/thedevastator/handcrafted-dataset-for-code-generation-models
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5.2 Dataset Characteristics and Structure

The OpenAI HumanEval (2021) dataset comprises 164 distinct programming problems, each
represented as a JSON object with the following characteristics:

5.2.1 Quantitative Analysis

The comprehensive statistical analysis of the dataset reveals the following structural char-
acteristics:

• Corpus Size: 164 programming problems with complete metadata

• Data Completeness: Zero missing values across all fields, ensuring experimental re-
liability

• Prompt Characteristics: Understanding prompt length can provide insights on prob-
lem complexity, since longer prompts may indicate more intricate requirements or edge
cases, ultimately affecting generation quality and API cost. The analysis reveals:

– Average prompt length: 464.3 characters

– Prompt length range: 124–1 391 characters

– Standard deviation indicating substantial complexity variation

• Function Diversity: 158 unique entry points across 164 problems, with 6 inten-
tional duplicates representing varied problem interpretations. This diversity ensures
that LLMs are evaluated across different function naming patterns and semantic con-
texts. Those duplicated being: triangle_area, sum_squares, sort_array, solve,
correct_bracketing, add.

• Schema Consistency: Uniform structure across task_id, prompt, canonical_-
solution, entry_point, and test fields enables systematic processing and reliable
experimental reproducibility

5.2.2 Qualitative Characteristics

The dataset exhibits intentional design choices that enhance its suitability for test genera-
tion evaluation, Chen et al. (2021) and OpenAI HumanEval (2021). Problems encompass
multiple computational domains including numerical algorithms, string processing, list manip-
ulation, graph-like structures, and mathematical computations. This algorithmic diversity is
advantageous for LLMs evaluation as it tests the model’s ability to generate appropriate test
cases across varied logical reasoning patterns, preventing overfitting to specific algorithmic
paradigms.

All problems are self-contained with minimal external library requirements, which benefits
LLMs test generation by eliminating the complexity of handling unknown APIs or external
state dependencies. This controlled approach enables mutation testing and coverage analysis
without environmental interference, supporting deterministic evaluation conditions. On the
down side, this constraint may limit the evaluation of LLMs capabilities in generating tests
for real-world scenarios involving complex dependencies, which could be addressed in future
work by incorporating more intricate datasets.
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Six entry points appear in multiple contexts (triangle_area, sum_squares, sort_array,
solve, correct_bracketing, add), representing semantically distinct problems sharing
identical function signatures. This characteristic evaluates LLMs capabilities in disambiguat-
ing requirements based on contextual descriptions rather than relying solely on function
names, testing the model’s comprehension of natural language specifications and require-
ment interpretation.

Each entry includes unit tests covering edge cases, boundary conditions, and typical usage
scenarios. These existing tests serve as reference baselines for evaluating the adequacy of
LLMs-generated tests, enabling direct comparison of coverage completeness and edge case
identification between human-written and AI-generated tests.

5.3 Dataset Ingestion and Transformation Pipeline

The experimental methodology requires transformation of the original HumanEval format
into a schema optimized for automated test generation and evaluation. This transforma-
tion process ensures compatibility with downstream analysis tools while preserving semantic
integrity and traceability.

The raw dataset presents each problem with five components:

• task_id: Unique identifier following HumanEval/{number} convention (example: Hu-
manEval/45)

• prompt: Natural language problem description containing function signature and doc-
string, as shown in 5.1

• canonical_solution: Reference implementation containing the complete function
body logic, as demonstrated in 5.2

• entry_point: Target function name for implementation (example: triangle_area)

• test: Unit test suite using candidate placeholder for function calls, as illustrated in
5.3

5.3.1 Transformation Process

The preprocessing pipeline implements a systematic transformation to create evaluation-
ready artifacts:

Function Reconstruction: The prompt field 5.1 containing function signatures and doc-
strings is merged with canonical_solution 5.2 function body logic to produce complete,
executable Python functions, resulting in a unified function representation, depicted in 5.4.
This step ensures syntactic validity and eliminates fragment-based evaluation inconsistencies.

Test Normalization: Original tests utilizing generic candidate placeholders, as exemplified
in 5.3, are transformed to reference specific function names from entry_point fields. This
transformation enables direct pytest execution without evaluation harness dependencies, as
it can be seen in 5.5.

Import Resolution: Static analysis identifies external dependencies referenced in test suites,
automatically injecting necessary import statements to ensure self-contained test modules
compatible with coverage and mutation analysis tools.
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Syntactic Harmonization: Formatting inconsistencies are resolved through standardized
indentation, whitespace normalization, and docstring formatting to reduce prompt variability
unrelated to semantic content.

5.3.2 Transformed Schema

The transformation produces a simplified schema optimized for test generation evaluation:

• task_id: Unique identifier created by concatenating number from the original task_-
id and merging with entry point to ensure uniqueness (e.g., add_85)

• fn_solution: Complete executable function including signature, docstring, and im-
plementation

• unit_test: Normalized test suite with resolved imports and direct function references

5.3.3 Data Partitioning Strategy

To balance computational cost with experimental comprehensiveness, the dataset undergoes
deterministic partitioning:

Primary Experimental Subset: 20% of the corpus (33 tasks) selected for LLM test genera-
tion experiments. This subset maintains representative diversity while constraining mutation
analysis computational requirements to feasible bounds.

Reserved Extension Corpus: The remaining 80% (131 tasks) preserved for potential fu-
ture experimentation, more concretely for fine-tuning experiments, enabling methodological
replication and extension without dataset exhaustion.

Temperature Calibration Sample: A focused subset of 4 tasks (approximately 2.4% of the
experimental subset) utilized for efficient temperature parameter optimization across model
configurations before full-scale execution. This sample balances representativeness with cost
efficiency, enabling rapid iteration on generation quality without incurring full experimental
overhead.

5.4 Dataset Illustration

To demonstrate the transformation process and dataset characteristics, consider the follow-
ing representative example:

Original Task Structure (HumanEval/135):

This example illustrates the original structure of a task from the HumanEval dataset, show-
casing the prompt, canonical solution, and test components. It highlights the initial format
prior to transformation, showcasing what the dataset looks like before processing.

Listing 5.1: Original prompt field

def can_arrange(arr):
"""Create a function which returns the largest index of an
element which
is not greater than or equal to the element immediately
preceding it. If
no such element exists then return -1. The given array will
not contain
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duplicate values.

Examples:
can_arrange ([1,2,4,3,5]) = 3
can_arrange ([1 ,2 ,3]) = -1
"""

Listing 5.2: Original canonical_solution field

ind=-1
i=1
while i<len(arr):

if arr[i]<arr[i-1]:
ind=i

i+=1
return ind

Listing 5.3: Original test field

def check(candidate):
# Check some simple cases
assert candidate ([1,2,4,3,5])==3
assert candidate ([1,2,4,5])==-1
assert candidate ([1,4,2,5,6,7,8,9,10])==2
assert candidate ([4,8,5,7,3])==4
# Check some edge cases that are easy to work out by hand.
assert candidate ([])==-1

Transformed Output:

The transformation output illustrates the results of the transformation process, integrating
function signatures and implementations into executable functions while converting generic
test frameworks into pytest-compatible specifications.

Listing 5.4: Transformed fn_solution field

def can_arrange(arr):
"""Create a function which returns the largest index of an
element which
is not greater than or equal to the element immediately
preceding it. If
no such element exists then return -1. The given array will
not contain
duplicate values.

Examples:
can_arrange ([1,2,4,3,5]) = 3
can_arrange ([1 ,2 ,3]) = -1
"""
ind=-1
i=1
while i<len(arr):

if arr[i]<arr[i-1]:
ind=i

i+=1
return ind
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Listing 5.5: Transformed unit_test field

def test_can_arrange ():
# Check some simple cases
assert can_arrange ([1,2,4,3,5])==3
assert can_arrange ([1,2,4,5])==-1
assert can_arrange ([1,4,2,5,6,7,8,9,10])==2
assert can_arrange ([4,8,5,7,3])==4
# Check some edge cases that are easy to work out by hand.
assert can_arrange ([])==-1

This transformation illustrates the integration of signature and implementation into exe-
cutable functions while converting generic test frameworks into pytest-compatible specifica-
tions.

5.5 Summary

The exploratory data analysis confirms that the OpenAI HumanEval (2021) dataset provides
a robust foundation for automated unit test generation research. The corpus exhibits appro-
priate structural consistency, semantic diversity, and algorithmic breadth while maintaining
controlled complexity suitable for deterministic evaluation. The systematic transformation
pipeline successfully converts the original format into evaluation-ready artifacts compatible
with modern Python testing infrastructure.

Key findings supporting the dataset’s suitability include: complete data integrity across
all 164 problems, substantial algorithmic diversity spanning multiple computational do-
mains, controlled dependencies enabling reproducible experimentation, and intentional design
choices supporting unbiased evaluation of generalization rather than memorization.

Due to computational cost constraints, a reduced experimental subset of 33 tasks (20% of
the corpus) was selected to maintain experimental feasibility while preserving sufficient algo-
rithmic diversity for meaningful comparative model evaluation. The transformation pipeline
ensures compatibility with pytest, coverage analysis, and mutation testing tools, enabling
comprehensive assessment of generated test quality across multiple evaluation dimensions.

These characteristics establish the dataset as an appropriate benchmark for evaluating LLM
capabilities in automated unit test generation, supporting the methodological framework
presented in subsequent chapters while acknowledging scope limitations in terms of single-
language focus and function-level complexity constraints.
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Chapter 6

Experimental Setup

This chapter details the experimental setup employed to evaluate LLMs for automated unit
test generation. The framework operacionalizes the research objective by defining a con-
trolled data partition, standardized prompt construction strategies, a calibrated generation
temperature per model, robust fail-safe and resumption mechanisms, and a multi-dimensional
evaluation pipeline (coverage, mutation coverage, structural metrics, and tokens spent).

6.1 Framework Overview

The experimental framework addresses five operational challenges: heterogeneous provider
rate limits, reproducible execution under intermittent failures, systematic comparison of
prompting techniques, containment of coverage and mutation-analysis, and consistent ag-
gregation of per-task metrics. These challenges are mitigated through a modular provider
abstraction, deterministic dataset preprocessing, a staged sampling strategy (calibration sub-
set, experimental subset), explicit retry and timeout policies, and persistent state tracking
enabling safe interruption and resumption.

6.2 Preprocessing

The preprocessing phase (integrated within the notebook) enforces: canonical indentation
and docstring normalization, extraction of function signatures and entry points, and unit
test validation and correction to ensure syntactic validity and compatibility with downstream
evaluation tools (pytest, mutmut).

Directory layout (conceptual abstraction):

Listing 6.1: Experimental framework directory structure

/
|-- model_experiment/
| |-- dataset/
| |-- human_eval/
| | |-- control/
| | |-- experiment_output/
| |-- temperature_experiment/
| |-- code_assert/
| |-- experiment_code_assert.ipynb
| |-- data -analysis.ipynb

• dataset/: Transformed data CSV and train/test partition files
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• human_eval/: Parent directory for dataset-related artifacts

• control/: Baseline tests created from dataset for comparison

• experiment_output/: LLM-generated tests organized by technique, model

• temperature_experiment/: Calibration outputs for temperature selection

• code_assert/: Providers library for API integrations

• experiment_code_assert.ipynb: Main experimentation notebook

• data-analysis.ipynb: Notebook for data analysis and visualization

Two providers were integrated: Gemini (direct API access) and GitHub Models (proxy ac-
cess to multiple models including from OpenAI, Mistral and others). Selected models were
considered based on these criteria:

• Pricing, prioritizing free tiers or monthly budget to minimize cost while enabling suffi-
cient query volume for statistical relevance.

• Latency, ensuring stable response times across different models and configurations.

• Availability, ensuring the models are consistently accessible during the experimentation
period.

• Model diversity, ensuring a range of architectures and capabilities are represented.

• Permissive rate ceilings, enabling iterative queries without hitting API limits.

• Same family, different versions/sizes models, enabling comparative analysis.

• All selected models demonstrate strong performance in code generation and reasoning
tasks, making them appropriate for unit test generation which requires understanding
function semantics, edge case identification, and pytest syntax generation.

6.3 Used models

The following table 6.1 decompose the generic model abstraction into concrete models
implemented by each provider.
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During preliminary tests, other models from GitHub Models, like: deepseek R1, grok-3-mini,
gpt-5, gpt-5-mini, were considered but excluded due to poor performance on the generative
task (generative result was sent with the thinking block or with incorrect imports) or very
limited rate limits, that are not documented in the official API documentation. As per
Gemini, similar considerations applied, since some models, that were stated as free in the
official documentation, were not accessible via the API.

Additionally, all models are text-based and optimized for code generation tasks, ensuring
relevance to the unit test generation objective.

6.3.1 Providers

The models utilized in this research were accessed through two primary providers: Gemini
and GitHub Models. Each provider offers distinct advantages and limitations, influencing
model selection and usage.

Gemini Provider Google’s Gemini API provides direct access to the Gemini model family
through a unified interface. The provider offers generous free tier quotas for experimen-
tation, making it particularly suitable for research purposes where budget constraints are a
consideration. The API delivers consistent response times and maintains stable availability
during the experimental period. However, the provider is limited to Google’s own model
family, restricting diversity in architectural approaches.

GitHub Models Provider GitHub Models serves as a proxy provider, offering access to
multiple model families including OpenAI’s GPT series, Mistral models, and other leading
LLMs through a single API interface. This aggregation enables comparative analysis across
different architectures and training paradigms. The provider implements tiered pricing with
separate accounting for input and output tokens, alongside model-specific multipliers used for
billing. While the free tier facilitates initial prototyping, sustained experimentation requires
paid access through educational credits or budget allocation. Rate limiting is more restrictive
compared to Gemini, necessitating careful concurrency management and request throttling.

6.3.2 Model Characteristics and Operational Considerations

All selected Large Language Models are general-purpose, text-based transformer models with
strong instruction-following behaviour and empirically solid performance on code synthesis
and reasoning tasks, making them suitable for constrained unit test generation.

Pricing and Model costs Cost management influenced model inclusion. Two billing
regimes were encountered:

• Gemini Provider: Free tier usage of the selected models was beneficial and allowed for
experimentation without costs. Since this experiment aimed to explore various model
capabilities, the free tier facilitated extensive testing without financial constraints.
Additionally, for production use, there are tiered pricing options based on token usage,
that differ input and output tokens, as well as, in some models, different pricing for
longer context lengths.
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• GitHub Models (Models): Per-model differential pricing with separate accounting
for input and output tokens; higher-capability models carry higher multipliers. A lim-
ited free tier enabled early prototyping, but for the experimental phase, the GitHub
Education Pack budget (,4$/month) was required to unlock paid models and sustain
uninterrupted batch execution.

Token accounting (prompt + completion) was logged alongside test metrics to enable later
analysis.

Token considerations As a rule of thumb, 1 token is approximately 4 characters of English
text, which translates to about 3/4 of a word (so 100 tokens is roughly equivalent to 75
words).

Gemini token calculation Gemini’s token pricing is based on the following formula:

Listing 6.2: Gemini token cost calculation formula

total_cost = input tokens * input rate + output tokens * output
rate

Using Gemini 1.5 flash 002, as an example for production environments, if a request uses
1000 input tokens, it falls under the pricing calculation of <= 128k, so the input token rate
per 1 million token will be $0.075. As per output tokens, if the request uses 500 output
tokens, it falls under the pricing calculation of <= 128k, so the output token rate per 1
million token will be $0.30. Therefore, the total cost for this request will be:

Listing 6.3: Gemini cost calculation example with Gemini 1.5 flash 002

input_cost = 1 000 / 1 000 000 * 0.075
= 0.000075

output_cost = 500 / 1 000 000 * 0.30
= 0.00015

total_cost = input_cost + output_cost
= 0.000075 + 0.00015
= 0.000225

So the total cost for this request would be $0.000225.

More details can be found here: https://docs.github.com/en/billing/reference/costs-for-
github-models.

GitHub Models For GitHub models, the pricing structure is similar, but introduces a
multiplier to the input and output tokens. The formula is as follows:

Listing 6.4: GitHub Models pricing structure with multipliers

input_tokens = n_of_input_tokens * input_model_multiplier
output_tokens = n_of_output_tokens * output_model_multiplier

total_cost = input_tokens * input_rate + output_tokens *
output_rate
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Considering GPT 4.1, and the same input and output token counts, as per the previous
example, the calculation would be:

Listing 6.5: GitHub Models cost calculation example with GPT-4.1

input_tokens = 1000 * 0.2
= 200

output_tokens = 500 * 0.8
= 400

total_cost = input_tokens * 2.00 + output_tokens * 8.00
= 200 * 2.00 / 1 000 000 + 400 * 8.00 / 1 000 000
= 0.0004 + 0.00032
= 0.00072

The total cost for this request would be $0.00072.

Model details can be found here: https://ai.google.dev/gemini-api/docs/pricing.

Release date Selected models exhibit release dates ranging from early 2024 to mid-2025.
This temporal window infers a landscape of evolving capabilities and competitive positioning.

Parameter Scale/Size Some models publish approximate parameter counts or qualitative
size tiers; others remain undisclosed. It was also considered multiple dimensions of size to
enable more nuanced comparisons.

Model families While considering models, it was considered executing the experiment
across different model families to assess variations in performance and behavior.

Data Retention and Privacy Provider policies differ regarding whether user prompts/re-
sponses may be retained for service improvement under default settings. As per GitHub,
user data is not retained for model training purposes, since they are a commitment to zero
retention policy and agreements with LLMs providers to ensure data privacy. In contrast,
Gemini free tier uses a different approach, potentially retaining user interactions to enhance
models performance.

Availability and Access Constraints

• Gemini: Free tier delivered adequate throughput for staggered batches, with occa-
sional latency or service unavailability during peak periods; retry and timeout logic
absorbed transient slowdowns.

• GitHub Models: Stricter per-minute and daily request ceilings triggered backoff more
frequently; budgeted paid access reduced queue starvation but required concurrency
throttling aligned to the narrowest active rate limit. Even in paid tier there are rate
limit and request per day limitations.

The selected models represent a cross-section of contemporary LLM capabilities, balancing
cost, accessibility, and technical features. Their inclusion enables comparative analysis across
architectures, sizes, and training regimes, while operational considerations (pricing, rate
limits, latency) inform the practical feasibility of large-scale test generation experiments.
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6.4 Prompting Techniques

Three technique slots are defined (zero-shot, few-shot, control) with fine-tuned reserved for
future work, and control technique being reserved for the baseline analyses of the original
dataset, remaining zero-shot and few-shot to be explored. Zero-shot prompts, Touvron
et al. (2023), include only the normalized specification and function signature. Few-shot
prompts, Touvron et al. (2023), incorporate exemplars demonstrating function and expected
returned unit tests. The control condition bypasses inference, relying on deterministic base-
line synthesis.

Both prompts exhibit a shared macro-structure while differing in informational richness and
instructional scaffolding. Each prompt instance begins by contextualizing the generation task
and presenting the canonical function under test. It then enumerates explicit directives con-
cerning expected artefact form, import semantics, and permissible content boundaries. The
specification concludes with a constrained checklist of test requirements: pytest compatibil-
ity, independence of test cases, systematic inclusion of edge conditions, conventional naming
(test_* prefix), correctness of import paths, a single-assertion constraint per test function,
and exclusion of extraneous explanatory prose-thereby reinforcing concise, idiomatic Python
expression.

Template variables Both templates utilize the following variables:

• fn_solution: The full canonical function definition (signature, docstring, body) post-
normalization.

• task_id: The unique identifier for the task, used to construct import paths and file
names.

6.4.1 Prompt Template Zero-Shot

The zero-shot template supplies only the source implementation (post-normalization) and
the task identifier, deliberately omitting exemplar tests to isolate a model’s inherent rea-
soning and assertion synthesis capabilities. Its structure conveys the generation role, the
full function body for semantic grounding, deterministic import path constraints, and a
concise, enumerated compliance contracts. By withholding demonstrations, the template
minimizes instructional bias, enabling attribution of coverage, mutation efficacy, and failure
spectra directly to the model’s latent knowledge rather than pattern imitation. This condi-
tion therefore serves as a baseline against which incremental gains from few-shot scaffolding
(introduced later) can be compared.

Zero-Shot prompt template:

Listing 6.6: Zero-shot prompt template for unit test generation

You are a software engineer tasked with generating a unit tests
for the following function:

{fn_solution}

The function is defined in the file ‘{task_id }.py ‘ and the unit
tests should be written to test file ‘{task_id}_test.py ‘.
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The import for the function to be tested in the unit test file
should be:

from source .{ task_id} import <function_name >

Your task is to write a unit test that verifies the correctness of
this function.

Consider the following requirements:
1. The unit test should be written in Python.
2. The unit test should be compatible with pytest.
3. The unit test should be able to run independently , without

dependencies from previous tests.
4. The unit test should cover all edge cases and be executed with

success/pass.
5. The unit test should have a name that starts with "test_".
6. The unit test should have correct imports.
7. Your response should be only the unit test code as a string

written in a pythonic fashion , without any additional text or
explanations.

8. Each test function should only contain a single assertion.

6.4.2 Prompt Template Few-Shot

The few-shot template augments the zero-shot contract with deliberately curated exem-
plars that demonstrate idiomatic pytest structure, systematic edge-case enumeration, single-
assert discipline, and correct import scoping for both singular and multi-function modules.
Exemplars are selected to span: pure functional computation with mixed numeric / list se-
mantics (median) and coupled encoder / decoder symmetry (encode_shift / decode_shift)
illustrating round-trip invariants and randomized property-style testing.

• Reduce speculative assertion fabrication by grounding the model in concrete asser-
tion patterns (value equality, simple arithmetic expectations, randomized loop with
invariant).

• Encourage breadth without overfitting by keeping exemplars minimal, domain-general,
and free of extraneous commentary.

• Reinforce structural constraints (test_* naming, single assertion per test function)
while still showing variation in input cardinality and data distributions.

• Provide an implicit pattern for generating additional edge cases (singleton list, even/odd
length lists, randomized strings) without prescribing exact future assertions-maintaining
space for model creativity that may improve mutation adequacy.

By contrasting deterministic illustrative scaffolds with the target function’s raw source, the
template aims to shift model behavior from speculative synthesis toward pattern-aligned,
higher precision test generation, enabling empirical isolation of incremental gains attributable
to exemplar conditioning over the zero-shot baseline.

Few-Shot prompt template:

Listing 6.7: Few-shot prompt template with examples for unit test generation
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You are a software engineer tasked with generating a unit tests
for the following function:

{fn_solution}

The function is defined in the file ‘{task_id }.py ‘ and the unit
tests should be written to test file ‘{task_id}_test.py ‘.

The import for the function to be tested in the unit test file
should be:

from source .{ task_id} import <function_name >

Your task is to write a unit test that verifies the correctness of
this function.

Consider the following requirements:
1. The unit test should be written in Python.
2. The unit test should be compatible with pytest.
3. The unit test should be able to run independently , without

dependencies from previous tests.
4. The unit test should cover all edge cases and be executed with

success/pass.
5. The unit test should have a name that starts with "test_".
6. The unit test should have correct imports.
7. Your response should be only the unit test code as a string

written in a pythonic fashion , without any additional text or
explanations.

8. Each test function should only contain a single assertion.

As an example , see bellow the following examples , containing
functions and its unit tests:

‘‘‘python
\# source/median.py
def median(l: list):

’’’Return median of elements in the list l.
>>> median ([3, 1, 2, 4, 5])
3
>>> median ([-10, 4, 6, 1000, 10, 20])
15.0
’’’
l = sorted(l)
if len(l) % 2 == 1:

return l[len(l) // 2]
else:

return (l[len(l) // 2 - 1] + l[len(l) // 2]) / 2.0
‘‘‘

The unit test for source/median.py should be written in
source/median_test.py as follows:

‘‘‘python
\# tests/media_test.py
from source.median import median
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def test_median_1 ():
assert median ([3, 1, 2, 4, 5]) == 3

def test_median_2 ():
assert median ([-10, 4, 6, 1000, 10, 20]) == 8.0

def test_median_3 ():
assert median ([5]) == 5

def test_median_4 ():
assert median ([6, 5]) == 5.5

def test_median_5 ():
assert median ([8, 1, 3, 9, 9, 2, 7]) == 7

‘‘‘

Another example is the following source/decode_shift.py module ,
which contains the encode_shift and decode_shift functions:

‘‘‘python
\# source/decode_shift.py
def encode_shift(s: str):

’’’
returns encoded string by shifting every character by 5 in the
alphabet.
’’’
return ’’.join([chr ((( ord(ch) + 5 - ord(’a’)) % 26) +

ord(’a’)) for ch in s])

def decode_shift(s: str):
’’’
takes as input string encoded with encode_shift function.
Returns decoded string.
’’’
return ’’.join([chr ((( ord(ch) - 5 - ord(’a’)) % 26) +

ord(’a’)) for ch in s])
‘‘‘

The unit test for source/decode_shift.py should be written in
tests/decode_shift_test.py as follows:

‘‘‘python
\# tests/decode_shift_test.py
from source.decode_shift import decode_shift
from source.decode_shift import encode_shift

def test_decode_shift ():
from random import randint , choice
import copy
import string

letters = string.ascii_lowercase
for _ in range (100):

str = ’’.join(choice(letters) for i in range(randint (10,
20)))

encoded_str = encode_shift(str)
assert decode_shift(copy.deepcopy(encoded_str)) == str

‘‘‘
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As you can see , the unit test imports the function to be tested
from the source .{ task_id} module and defines a test function
that starts with "test_". The test function contains multiple
assertions to verify the correctness of the function.

6.5 Execution Orchestration and Reliability

Generation requests are dispatched through thread pools, grouped by model and technique
due to providers’ restrictive rate limits and request quotas, while maximizing throughput. A
synchronized queue decouples generation from evaluation: successfully validated test files
enter an evaluation pipeline that executes coverage measurement, then conditional mutation
analysis.

To address API instability and operational constraints, the system implements several relia-
bility mechanisms. Timeout wrappers encapsulate each provider API call with hard timeouts,
returning structured timeout responses rather than raising uncaught exceptions. Rate lim-
iting is managed by calculating delays between requests based on provider-specific limits,
tracking the last request time to ensure compliance. Retry budgets prevent infinite loops on
persistent failures through capped retry counts per (model, task, technique) combination.
Primary evaluation validates generated code for syntactic validity and pytest compatibility,
triggering retries up to configured limits for failed evaluations. Execution tracking maintains
state through CSV files, ensuring each configuration executes only once and enabling safe
experiment resumption after interruption.

This approach overlaps I/O-bound API waits with CPU-bound executions while maintain-
ing provider quota compliance and ensuring experimental reproducibility despite transient
failures.

6.6 Persistent State and Resumability

Three CSV artefacts persist granular progress: a results ledger capturing successful gen-
erations with associated metrics (results.csv), a failure ledger enumerating failed attempts
(failures.csv), and a global execution state mapping enumerated (model, technique,task,
status and response) tuples with completion flags. On restart, the orchestrator queries this
state and skips completed units, delivering idempotent incremental execution resilient to
manual interruption or system failure.

6.7 Experiment Configuration

Experiments execute within an isolated Python environment with dependencies previously
installed from the Notebook for reproducibility. External tooling includes test execution
(pytest), coverage instrumentation, and mutation analysis (mutmut). Ephemeral12 tempo-
rary directories sandbox each evaluation to prevent state leakage between tasks, and artefacts
were archived based on success classification and execution state.

12Created for a single evaluation run and deleted immediately after use; no state persists between tasks.
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6.7.1 Directory Structure

This subsection clarifies how artefacts are persisted on disk for auditability, resumability, and
post-hoc reconstruction of the generated test suite. Earlier subsections already introduced
the logical roles of the three CSV ledgers; here the physical layout and practical usage are
detailed without repeating prior rationale.

Physical layout (per provider / model) Each provider/model pair has a dedicated subdi-
rectory under model_experiment/. Within this, each task’s generated tests and associated
artefacts are organized. The core persistent files are the three CSV ledgers; these are the
authoritative source of truth for experiment state and results. The directory structure is as
follows:

Listing 6.8: Basic directory structure per provider and model

/
|-- model_experiment/
| |-- <provider_name >/
| | |-- <model_name >/
| | | |-- results.csv
| | | |-- failures.csv
| | | |-- execution_state.csv

Optionally, when materializing concrete files from results.csv for manual inspection (not for
metric computation), a transient expansion may be produced:

Listing 6.9: Extended directory structure with materialized source and test
files

/
|-- model_experiment/
| |-- <provider_name >/
| | |-- <model_name >/
| | | |-- source/ (recreated canonical functions -

read -only)
| | | |-- __init__.py
| | | |-- <task_id >.py
| | |-- tests/ (generated unit tests reconstructed

from CSV rows)
| | | |-- <task_id >_test.py
| | |-- results.csv
| | |-- failures.csv
| | |-- execution_state.csv

Evaluation Isolation and Temporary Directory Strategy Evaluation is executed in ephemeral
temporary directories to guarantee isolation (no leakage between tasks), deterministic de-
pendency state, and protection against manual edits to the inspection folders. The per-
sisted CSVs therefore become an immutable, append-only experiment ledger; reconstructed
source/ and tests/ trees are convenience views, disposable and reproducible at any time.

File semantics

• results.csv: One row per successful (model, technique, task, temperature) generation.
Besides identifiers it stores raw test code (string), structural counts (n_tests, n_-
asserts), coverage metrics, mutation metrics, token usage, and time taken metrics.
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This single file is the authoritative source to (re)build a human-readable test suite
snapshot.

• failures.csv: One row per irrecoverable attempt after exhausting retries. Columns
include failure type (timeout|rate_limit|syntax|other), technique, temperature, and
abbreviated diagnostic message. Its role is analytical (error rate profiling).

• execution_state.csv: Granular progress log with (model, technique, task, tempera-
ture), datetime, a status enum (success|failed) and possible response from that exe-
cution stage entry. This file enables safe resumption by skipping completed units on
restart.

The structure separates immutable factual logs (CSV ledgers) from regenerable code arte-
facts, enabling transparent auditing, safe resumption, and reproducible reconstruction with-
out introducing additional evaluation variance.

6.8 Evaluation Metrics Captured

For each completed configuration the following metrics are recorded to enable multi-dimensional
comparative analysis in subsequent chapters:

• Structural: number of generated test functions, assertion count (including exception
expectation constructs)

• Quality: test coverage, branch coverage

• Fault detection: total mutants, killed mutants, survived mutants, percentage killed
ratio

• Reliability: retry count, syntactic failure frequency

• Performance and cost: generation time taken, token usage (prompt, reasoning/thought
segments where applicable) with per-test means

Aggregation produces consolidated tables stratified by model, prompting technique, and
temperature, forming the analytical basis for comparative evaluation.

6.8.1 Evaluation process

The evaluation process involves several steps to ensure that the generated unit tests are
effective and reliable. Here is a breakdown of the evaluation process:

• Primary evaluation: Generated test files are first validated for syntactic correctness
and pytest compatibility. This step ensures that the tests can be executed without
errors.

• Temporary directory creation: Each evaluation is conducted within an ephemeral
temporary directory to isolate its environment and prevent interference with other
evaluations.

• Coverage analysis: Validated tests are executed with coverage tracking enabled. This
step measures the extent to which the generated tests exercise the code under test,
providing insights into their effectiveness.
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• Mutation analysis: If the coverage measurement is successful, the tests are further
evaluated using mutation analysis. This step introduces small changes (mutations)
to the code under test and checks if the generated tests can detect these changes,
providing a measure of their fault-detection capability.

• Analysis parsing: The outputs from the coverage and mutation analysis tools are
parsed to extract relevant metrics, by reading the reports generated by these tools in
the temporary directory. The result parsed are then stored in the DataFrame respon-
sible for the results, which will be saved in results.csv.

The mutation analysis results provide insights into the fault-detection capabilities of the
generated tests. Key metrics include:

• Total mutants: The total number of mutants generated for each test case.

• Killed mutants: The number of mutants that were detected and killed by the gener-
ated tests.

• Survived mutants: The number of mutants that were not detected by the generated
tests.

Since the library used for mutation testing (mutmut) does not provide percentage killed
metrics, it was created the following formula to compute the percentage killed ratio:

Listing 6.10: Percentage killed ratio calculation formula

percentage_killed = (n_killed / n_mutations * 100) if
n_mutations > 0 else 0.0

By analyzing these metrics, we can assess the effectiveness of the generated tests in iden-
tifying potential faults in the code under test.

6.9 Temperature Calibration

Temperature calibration is a critical aspect of the experimental setup, influencing the behavior
of LLMs during test generation. By systematically varying the temperature parameter,
we can control the trade-off between creativity and reliability in the generated outputs.
Lower temperatures tend to produce more deterministic and focused responses, while higher
temperatures encourage exploration and diversity at the cost of potential coherence.

Temperature influences lexical diversity and exploratory breadth of generative tasks. For each
candidate configuration of model and technique, test generation was executed on the four-
task calibration subset at temperatures 0.0 (deterministic), 0.6 (moderate diversity), and 0.9
(high stochasticity13). Due to computational cost constraints, a limited calibration subset
of 4 tasks was selected from the original dataset to maintain experimental feasibility while
preserving representativeness of the overall dataset characteristics. As per the temperature
calibration design:

• The output was manually changed, in the Notebook, to folders corresponding to each
temperature setting.

13In this context, a high sampling temperature flattens token probabilities so lower-likelihood tokens are
chosen more often, increasing output diversity and novelty but reducing determinism and raising the risk of
incoherent or invalid tests.
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• The results of a model, technique and temperature configuration, for the four tasks,
were then aggregated to represent the overall performance of that configuration.

• After finalizing the runs for all the possible models, techniques and temperatures com-
binations, it was merged all the results in a single DataFrame, to enable the analysis
of the results.

• The analyses was performed by grouping the results by model and technique, and
sorting the three entries for each model and technique combination, based on the
highest code coverage achieved. In case of ties in code coverage, the percentage killed
ratio was used as a secondary criterion, and the number of test functions as a tertiary
criterion. The optimal configuration was then picked from the top results into a final
DataFrame.

• To end the temperature calibration phase, the final DataFrame was exported to a CSV
file, to be used in the next phase of the experiment.

• This best temperature CSV was then used to select the optimal temperature for each
(model, technique) pair.

Results from the temperature calibration phase can be found in appendix A.1.

6.10 Aggregation analyses

The aggregation analyses involve compiling and summarizing the results from the evaluation
metrics captured during the test generation process. This step is crucial for understanding
the performance of different models and techniques in generating effective unit tests. This
process includes:

• Data consolidation: Results from individual evaluations are consolidated into a single
DataFrame, facilitating comprehensive analysis across all configurations.

• Metric computation: Key metrics such as average coverage, percentage killed ratio,
and test function counts are computed for each (model, technique, temperature)
combination.

• Ranking and selection: Configurations are ranked based on performance metrics,
enabling identification of the most effective combinations for further analysis.

• Exporting results: The aggregated results are exported to CSV files for easy access
and further statistical analysis in subsequent chapters.

Metric computation To enable commensurable comparison across (model, technique)
configurations, raw per-task metrics are first normalized by the cardinality of the evaluated
task subset. Percentage-based indicators (coverage, percentage killed) are computed as the
sum of successful task-level outcomes divided by the total number of control tasks, thereby
correcting for any variation in task execution counts and preventing inflated estimates:

Listing 6.11: Metric normalization lambda function

lambda x: (x.sum() / self.NUMBER_OF_CONTROL_TASKS) if
self.NUMBER_OF_CONTROL_TASKS > 0 else 0.0
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This normalization guarantees that reported percentages reflect the full task population
rather than only the subset for which a model produced valid outputs, yielding an unbiased
aggregate characterization of model technique performance.

6.10.1 Control group analyses

Control group analyses are conducted to establish baseline performance metrics against
which the experimental configurations can be compared. This is done when instantiating
the aggregated analyses and consist of creating the source and test files from the transformed
dataset, in the control folder, to be used as a benchmark for the generated tests. After the
control group is set up, it is executed the same evaluation process as for the generated tests,
to capture the same metrics. This ensures that the control group is evaluated under identical
conditions, providing a valid point of comparison. Then, the results from the control group
are included in the aggregated analyses, allowing for direct comparison between the control
and experimental configurations.

The control group is designed to:

• Provide a benchmark for assessing the impact of different models and techniques on
test generation performance.

• Help identify any potential biases or anomalies in the experimental results by comparing
them against a stable reference point.

• Facilitate a clearer interpretation of the results by contextualizing them within the
framework of established performance norms.

6.11 Summary

The experimental setup combines calibrated temperature selection, structured prompting
techniques, resilient orchestration, and comprehensive metric capture over a stratified dataset
partition. This design enables controlled, reproducible comparison of LLM-based test gener-
ation strategies while explicitly accounting for operational constraints (rate limits, execution
cost, mutation overhead). Subsequent chapters leverage the recorded metrics to evaluate
effectiveness and answer the research questions within acknowledged validity boundaries.
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Chapter 7

Implementation and Evaluation

This chapter details the concrete implementation of the automated unit test generation
framework and the evaluation procedures applied to generated artefacts. Chapters 4–6 es-
tablished architectural abstractions, dataset transformation, and experimental configuration;
here the emphasis shifts to: operational workflow, filesystem and artefact layout, concur-
rency, metric extraction logic, aggregation methodology, evaluation results and operational
insights.

7.1 Filesystem and Artefact Organization

A deterministic on-disk hierarchy underpins reproducibility, resumability, and post-hoc ana-
lytics. The structure separates control (baseline) artefacts, generated outputs (stratified by
technique, provider, model, temperature), execution state, calibration artefacts, and aggre-
gated metrics:

/
|-- code_assert/
| |-- providers/
| | |-- azure_ai_provider.py (GitHub Models provider)
| | |-- base_providers.py (Abstractions)
| | |-- gemini_provider.py (Gemini provider)
| |-- __init__.py
| |-- .env
| |-- config.py
| |-- constants.py
| |-- exceptions.py
| |-- schemas.py
| |-- service.py
|-- model_experiment/
| |-- dataset/
| | |-- transformed_data.csv (Full corpus 164)
| | |-- test_data.csv (Subset 33)
| | |-- train_data.csv (Reserved)
| |-- human_eval/
| | |-- control/
| | | |-- source/
| | | |-- tests/
| | | |-- setup.cfg (Mutation config)
| | |-- experiment_output/
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| | | |-- zero_shot/
| | | | |-- gemini/
| | | | | |-- <model -id >/
| | | | | | |-- results.csv
| | | | | | |-- failures.csv
| | | | | | |-- experiment_execution_state.csv
| | | | |-- github/
| | | |-- few_shot/
| | | |-- gemini/ (Analogous)
| | | |-- github/ (Analogous)
| | |-- aggregated_results.csv
| |-- temperature_experiment/
| | |-- temperature_ <temperature >/
| | |-- <provider >/
| | |-- <model -id >/
| | |-- aggregated_model_results.csv
| | |-- experiment_execution_state.csv
| | |-- failures.csv
| | |-- results.csv
|
|-- .coverage.rc
|-- data -analysis.ipynb
|-- experiment_code_assert.ipynb

Organizational principles:

• Separation of baseline/control vs generated outputs prevents contamination.

• Colocation of per-model execution state files with results enables selective resumption.

• Stable model identifiers facilitate programmatic traversal and aggregation.

7.2 Configuration and Metadata

Operational parameters are represented via lightweight metadata classes which hold model
name, provider, output folder, technique, temperature, and rate limit. Provider credentials
are injected exclusively through environment variables and never serialized. Coverage be-
havior is centralized in .coverage.rc ensuring baseline and generated suites share identical
coverage semantics. Mutation testing behaviour (operators, timeouts) is created through
the Notebook execution, in a setup.cfg ensuring baseline and generated suites share iden-
tical mutation semantics.

7.3 End-to-End Workflow

For each model, technique, temperature, task configuration the pipeline executes:

1. Prompt construction (specification + optional few-shot exemplars).

2. LLM invocation via provider abstraction with temperature and rate control.

3. Primary validation (syntax parse, import screening, compilation attempt and check if
pytest is runnable).

4. Conditional retry up to a configured ceiling.
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5. Test materialization into a transient evaluation directory.

6. Coverage phase (line and branch coverage extraction).

7. Mutation phase (mutant generation and percentage killed computation).

8. Metric logging (success row, structured failure record and execution state report).

Stage isolation ensures that failure in any step does not invalidate earlier validated genera-
tions; partial progress persists.

7.4 Concurrency and Rate Control

A bounded generation thread pool feeds an evaluation queue. Generation and evaluation
decoupling allows rate-limited providers to progress independently from CPU-bound mutation
phases.

The main orchestration loop consists of:

with ThreadPoolExecutor(max_workers =5) as executor:
futures = [executor.submit(run_model_experiment , model) for
model in llm_models]
for future in as_completed(futures):

future.result ()
print("All model experiments completed.")

Which spawns up to 5 concurrent model experiments, each of which processes tasks sequen-
tially with internal rate limiting. The limit of 5 was chosen due to local resource constraints
(CPU and memory).

Rate control mechanisms is implemented as follows:

while retries < model.max_retries and not llm_not_responding:
if model.rate_limit:

min_interval = 60.0 / model.rate_limit
now = time.time()
wait = min_interval - (now - last_request_time)
if wait > 0:

time.sleep(wait)

So, while there are retries remaining and the LLM is responsive, if a rate limit is configured,
the minimum inter-request interval is computed and enforced.

7.5 Timeout

A hardened invocation wrapper enforces upper bounds on blocking operations:

def call_with_timeout(func , timeout , *args , **kwargs):
_TIMEOUT_EXECUTOR = ThreadPoolExecutor(max_workers =1)
future = _TIMEOUT_EXECUTOR.submit(func , *args , **kwargs)
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try:
return future.result(timeout=timeout)

except FuturesTimeoutError:
future.cancel ()
return TimeoutResponse(message="Hard timeout wrapper

triggered", time_taken=REQUEST_TIMEOUT)
except Exception as e:

return e

The call_with_timeout function wraps specifically the code_assert service call, with a
hard timeout (95 seconds). If the call exceeds this duration, it is cancelled and a Time-
outResponse is returned, marking the start of that llm as unresponsive, interrupting further
processing.

7.6 Validation Pipeline

Primary validation includes:

1. Abstract Syntax Tree (AST)14 parse catches syntax errors.

2. Compile the code into bytecode, which can reveal certain issues not detected by parsing
alone, such as encoding problems or other compilation-specific errors

3. Check if the generated code contains an import statement for the top-level function
under test.

4. Ensuring pytest can execute the test file without immediate errors.

The above validations allow for early detection of potential issues, reducing the likelihood of
costly failures during mutation testing.

Only validated generated code proceeds to coverage and mutation testing, conserving re-
sources.

7.7 Metric Extraction

Each individual experiment configuration execution (model, technique, temperature, task)
produces a structured CSV row capturing:

• Identification / Configuration

– model (LLM identifier)

– technique (prompting strategy: zero_shot / few_shot)

– task_id (dataset function identifier)

– fn_solution (path or hash of reference implementation)

– unit_test (generated test filename)

• Primary Validation Flags

– syntax_not_ok (flag: initial syntax invalid)

14Abstract Syntax Tree, is a package for Python that allows for the parsing and analysis of Python code.
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– not_compilable (flag: Python compile failed)

– not_importable (flag: target function import missing)

– pytest_not_runnable (flag: pytest collection/execution failed)

• Test Execution Metrics

– n_tests (collected test functions)

– n_failed (failing tests)

– n_passed (passing tests)

– n_skipped (skipped tests)

• Coverage Metrics

– test_coverage (line coverage percentage)

– branch_coverage (branch coverage percentage)

– n_branches (total branches measured)

– covered_branches (branches executed)

• Mutation Metrics

– n_mutations (mutants generated)

– n_killed (mutants killed)

– n_survived (mutants survived)

– percentage_killed (n_killed / n_mutations * 100)

• Token Utilization

– total_tokens (prompt + completion + reasoning)

– prompt_token_count (input tokens)

– thoughts_token_count (reasoning / hidden chain tokens if provided)

• Performance

– time_taken (seconds for successful generation attempt)

7.8 Aggregation Methodology

The aggregation phase synthesizes per-task results into per-(model, technique) summaries,
facilitating comparative analysis across configurations. This process includes:

• Identification columns (model_name, technique, temperature) carried through ver-
batim15.

• n_of_tasks: count of successfully completed (validated + executed) tasks contribut-
ing metrics.

15displaying text exactly as it is
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• Structural / assertion and test execution counts aggregated as sums: n_of_asserts,
n_tests, n_passed, n_failed, n_skipped.

• Coverage ratio metrics reported as macro (unweighted) arithmetic means over com-
pleted tasks: test_coverage, branch_coverage. Both percentages are calculated
by summing per-task per-model result and dividing by the number of tasks on the
control group.

• Branch opportunity metrics summed: n_branches, covered_branches.

• Mutation metrics summed: n_mutations, n_killed, n_survived; ratio percentage_-
killed is the sum of per-task kill ratios divided by the control group number of tasks.

• Latency: time_taken = sum of per-task successful generation latencies; time_-
taken_mean = arithmetic mean latency per successful task.

• Token usage: total_tokens, prompt_token_count, thoughts_token_count are
sums; their per-task macro means exposed as total_tokens_mean, prompt_token_-
count_mean, thoughts_token_count_mean.

• weight: used to order downstream statistical analyses. Calculated by considering
test_coverage, percentage_killed, and n_of_asserts in a weighted sum (0.475,
0.475, 0.05 respectively) to prioritize functional adequacy while slightly favoring richer
test suites.

Incomplete configurations (e.g., interrupted runs, or unable to generate completions) are
not artificially scaled to the full 33-task experimental subset. Instead a completeness pro-
portion (% tasks completed) is recorded; inferential statistics exclude configurations below
a predefined completeness threshold to avoid extrapolation bias.

7.8.1 Weight calculation

The weight calculation for each model configuration is based on a combination of key per-
formance metrics, including test coverage, percentage killed ratio, and assertion count. The
formula used to compute the weight is as follows:

• Test Coverage: This metric measures the percentage of code covered by tests. It is
crucial for ensuring that the generated tests adequately evaluate the model’s behavior.
We give this metric a high weight (47.5%) because it directly reflects the model’s
ability to generate tests that cover the codebase effectively.

• Percentage Killed Ratio: This metric assesses the model’s ability to detect faults
by measuring the proportion of mutated tests that fail. A higher killed ratio indicates
better fault detection capabilities. Similar to test coverage, we assign a high weight
(47.5%) to this metric as it is a strong indicator of the quality and effectiveness of
the generated tests.

• Assertion Count: This metric counts the number of assertions made in the gener-
ated tests. Since the original don’t have tests with a single assert, we had to count
the number of asserts existing in the control dataset. Additionally, the LLMs where
instructed to generate tests with a single assert. This is the closest we can get to a
fair comparison. A lower number of assertions is preferred, as it indicates more concise
and focused tests (quality over quantity). Therefore, we apply a small penalty (5%)
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to this metric to encourage the generation of tests that are not only effective but also
efficient in terms of assertion usage.

• Task Completion Penalty: To ensure that models are evaluated fairly against the
control baseline, we impose a significant penalty (1000 points) if a model completes
fewer than 33 tasks. This penalty is designed to discourage models that fail to generate
tests for the full set of functions, as it indicates a lack of robustness and reliability in
the test generation process.

Listing 7.1: Weight calculation formula

aggregated_row["weight"] = (
aggregated_row["test_coverage"] * 0.475 +
aggregated_row["percentage_killed"] * 0.475 -
aggregated_row["n_of_asserts"] * 0.05 -
(1000 if aggregated_row["n_of_tasks"] < 33 else 0)

)

The final weight is computed by combining these components, with the test coverage and
percentage killed ratio contributing positively to the score, while the assertion count and
task completion penalty detract from it. This balanced approach ensures that the weight
reflects both the effectiveness and efficiency of the generated tests, as well as the model’s
ability to handle the full range of tasks.

7.8.2 Aggregation Analysis Implementation

The AggregationAnalysis class orchestrates the consolidation of experimental results from
all LLM models and the control baseline. Upon instantiation, the class automatically pro-
cesses results through a multi-stage pipeline:

1. Control Data Processing: Aggregates baseline metrics from human-written tests,
establishing reference values for coverage, mutation scores, and test counts. These
metrics serve as the gold standard for comparative analysis.

2. LLM Model Aggregation: For each model-technique combination, individual task
results are consolidated using predefined aggregation functions. Coverage and muta-
tion percentages are normalized by the control task count to ensure consistent scaling
across configurations.

3. Global Results Compilation: All per-model aggregations are merged into a unified
dataset (aggregated_results.csv) containing standardized metrics across all ex-
perimental configurations.

4. Ranked Output Generation: Three specialized rankings are generated:

• Best Coverage: Top 5 models ranked by weighted performance score combining
test coverage (47.5%), percentage killed ratio (47.5%), and test suite size penalty
(5%).

• Worst Coverage: Bottom 5 models using the same weighted criteria, identifying
underperforming configurations.

• Closest to Control: Models ranked by weighted distance to control baseline,
using a penalty-based metric that heavily penalizes configurations completing
fewer tasks than the control.
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The aggregation process handles missing data gracefully and maintains data provenance
through structured file naming conventions. This systematic approach ensures reproducible
comparative analysis while accommodating incomplete experimental runs or model failures.

7.9 Evaluation Results

This section presents the empirical findings from the comprehensive evaluation of Large
Language Model (LLM) performance in automated unit test generation. The results are
organized into four analytical perspectives, each addressing specific aspects of model ef-
fectiveness and comparative performance. The evaluation encompasses 46 distinct model
configurations across multiple providers (Google Gemini, OpenAI GPT, Mistral AI, XAI Grok,
and DeepSeek), employing both zero-shot and few-shot prompting techniques with varying
temperature settings.

The experimental evaluation utilized a curated subset of 33 functions from the HumanEval
dataset, with each model configuration assessed against a human-written control baseline.
Performance metrics encompass test suite quality (coverage metrics), fault detection capa-
bility (mutation testing), structural characteristics (test counts and assertion density), and
operational efficiency (token utilization and execution time). The aggregation methodology
ensures consistent comparative analysis while accommodating the inherent variability in LLM
completion rates across different configurations.

7.9.1 Comprehensive Model Performance Overview

The aggregated results provide a holistic view of model performance across all experimental
configurations. This comprehensive analysis enables identification of patterns, outliers, and
general trends in LLM-generated test quality.
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Table 7.1 presents the complete experimental results across all evaluated model configura-
tions. The table structure encompasses several analytical dimensions: Model identification
columns specify the LLM variant, prompting technique (zero-shot vs. few-shot), and tem-
perature parameter; Task completion metrics indicate the number of successfully processed
functions and generated assertions; Test execution statistics capture the distribution of
test outcomes (passed, failed, skipped); Coverage analysis provides both test and branch
coverage percentages alongside absolute branch counts; Mutation testing results quantify
fault detection capability through percentage killed ratios; and Operational metrics docu-
ment token consumption and execution latency. For complete table see appendix A.2 and
A.3.

The control baseline establishes the performance ceiling, achieving 99.07% test coverage,
and an 84.84% percentage killed ratio across 33 tasks. Notable high-performing config-
urations include DeepSeek-V3-0324 with zero-shot prompting (68.54% weighted score),
Gemini-2.5-Pro variants (68.19% and 65.44% weighted scores), and GPT-4.1-Mini with
few-shot prompting (62.72% weighted score). Conversely, several configurations encoun-
tered significant completion challenges, with Gemini-2.5-Flash-Lite few-shot and Gemma-
3-1b-it variants showing negative weighted scores due to incomplete task execution. This
later results are due to the weight penalizing more if a model completes less tasks than the
control.

7.9.2 Assertion Count Methodology and Edge Cases

Given that the original HumanEval dataset tests contain tests with multiple assertions, and
the LLMs were instructed to generate tests with a single assertion, it was necessary to
investigate the root cause. This lead to the finding that some models generated tests with
less/more asserts that the number of tests generated. The root cause was found, by manual
inspection of samples. The finding were as follows:

1. Some tests were generated with pytest.raises(...) context blocks, which instead
of relaying on a single assert, relay on the context block to assert that an exception is
raised.

2. Some tests, that were created with try/except blocks, had two asserts or one assert
evaluating as False and a pass, one in the try block and one in the except block, where
the "negative" case could be asserted as assert False in the except block.

Since the prompts didn’t explicitly forbid these constructs, and they are valid pytest con-
structs, they were allowed to remain in the generated tests. However, this does mean that
the assertion count metric is not a perfect representation of the number of asserts in the
generated tests, but it is the closest we can get to a fair comparison.

Listing 7.2: pytest.raises example

def test_fib_negative ():
with pytest.raises(ValueError):

fib(-1)

Listing 7.3: try/except example

def test_special_factorial_zero ():
# Edge case: n=0, function expects n>0, but test to see behavior
try:

special_factorial (0)



assert False , ""Expected an exception for n=0""
except Exception:

pass

7.9.3 Best Performance Configurations

This analysis identifies the highest-performing model configurations to determine the most
effective approaches for automated unit test generation. Rankings are determined by weighted
performance scores that prioritize test coverage and fault detection capability, sorted in de-
scending order to highlight the most effective configurations first.

Table 7.2: 5 best models based on weighted metric

Model name Technique Temperature Weight Test coverage Percentage killed Number of asserts
DeepSeek-V3-0324 zero_shot 0.0 68,54 99,31 68,35 222
gemini-2.5-pro zero_shot 0.6 68,19 99,40 80,68 347
DeepSeek-V3-0324 few_shot 0.6 65,95 99,31 62,90 222
gemini-2.5-pro few_shot 0.0 65,44 99,78 76,19 363
grok-3 zero_shot 0.0 63,38 99,40 62,23 268

Table 7.2 presents the five highest-performing model configurations, ranked by weighted
performance scores that emphasize test coverage (47.5%), percentage kill ratio (47.5%),
and test suite size (5%). The DeepSeek-V3-0324 model with zero-shot prompting and
temperature 0.0 emerges as the leading configuration, achieving a weighted score of 68.59%
through exceptional mutation testing performance (68.54% kill ratio) while maintaining high
coverage metrics (99.31% test coverage). Although the few-shot variant of DeepSeek-
V3-0324 exhibits a lower weighted score (66.00%), it was notably more efficient in terms
generated assertions, producing only 222 assertions.

The Gemini-2.5-Pro variants demonstrate consistent high performance across both prompt-
ing strategies, with the zero-shot configuration achieving 68.19% weighted score and the
few-shot variant reaching 65.44%. It is noteworthy that both configurations maintain near-
complete test coverage (99.40% and 99.07% respectively) while delivering strong percent-
age killed ratios (80.68% and 76.23%), but at the cost of generating a larger number of
assertions (347 and 363 respectively).

Grok 3 with zero-shot prompting also ranks highly (63.38% weighted score), showcasing
strong coverage (99.40%) and percentage killed (62.23%), indicating both effective test
generation, test coverage, and fault detection capabilities, able to generate tests with a
relatively low assertion count then Gemini-2.5-Pro models (268 assertions).

Notably, all top-performing configurations successfully completed the full 33-task experimen-
tal subset, indicating robust generation capabilities across diverse function specifications.
The percentage kill ratios range from 62.23% to 80.68%, representing substantial fault
detection capability while remaining below the control baseline of 84.84%.

7.9.4 Underperforming Model Configurations
Examination of the lowest-performing configurations reveals systematic failure patterns and
fundamental limitations in current LLM approaches to automated test generation. The
configurations are sorted in ascending order by weighted performance score, with the worst-
performing models listed first.
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Table 7.3: 5 worst models based on weighted metric

Model name Technique Weight Temperature Test coverage Percentage killed Number of tasks
gemma-3-1b-it few_shot -964,56 0.6 55,82 28,57 19
gemma-3-1b-it zero_shot -955,56 0.0 93,02 41,48 32
gemini-2.5-flash-lite few_shot -954,44 0.0 96,37 48,60 32
mistral-small-2503 few_shot -950,94 0.0 96,75 39,69 32
gemma-3n-e2b-it few_shot 43,99 0.6 99,40 30,79 33

Table 7.3 identifies the five poorest-performing model configurations, characterized by signif-
icantly reduced task completion rates and suboptimal quality metrics. Both Gemma-3-1b-it
configurations, few-shot and zero-shot, with 0.0 temperature and 0.6 temperature respec-
tively, exhibit the lowest weighted scores (-964.56% and -955.56%), failing to complete a
substantial portion of the experimental tasks (19 and 32 out of 33 respectively). This indi-
cates severe limitations in their ability to generate effective tests across the diverse function
specifications presented.

The Gemini-2.5-Flash-Lite few-shot with 0.0 temperature configuration also demonstrates
pronounced underperformance, with a weighted score of -954.44% and only 32 completed
tasks. This model’s low percentage killed ratio (48.69%) and moderate test coverage
(96.37%) suggest deficiencies in both test generation quality and fault detection capability.
Comparing this configuration result with its counterpart, Gemini-2.5-Flash-Lite zero-shot
with 0.6 temperature, which achieved a higher weighted score (46.88%) and completed
all tasks, achieving 99.40% coverage and 43.40% percentage killed ratio, highlights the
significant impact of prompting strategy and temperature settings on model performance.

Mistral-Small-2503 few-shot 0.0 temperature configuration also exhibits completion difficul-
ties, achieving only 32 successful tasks.

As per Gemma-3n-e2b-it few-shot 0.6 temperature configuration, it completed 33 tasks but
achieved the lowest weighted score (43.99%) among configurations that fully completed the
experimental set. Its low percentage killed ratio (30.79%) and high test coverage (99.40%)
indicate a disconnect between code coverage and fault detection effectiveness, suggesting
that while the generated tests may cover code paths, they lack the depth and precision
needed to identify faults effectively.

Most of these underperforming configurations demonstrate a high test coverage (above
90%), but very low percentage killed ratios (around 40% or lower), indicating that while the
generated tests may cover code paths, they lack effectiveness in detecting faults and indicat-
ing fundamental limitations in understanding test requirements and generating syntactically
and semantically correct test code.

7.9.5 Configurations Approximating Human Baseline

The identification of model configurations that most closely approximate human-written test
characteristics provides insights into the achievable quality ceiling for automated approaches.

Weight calculation for closest to control

To identify configurations that closely approximate the human-written control baseline, a
weighted distance metric is computed for each model configuration. This metric differs
from the performance-based weight used in previous rankings - instead of measuring abso-
lute performance, it measures how closely each configuration matches the control baseline
characteristics.



The distance metric considers deviations in key performance indicators (test coverage, per-
centage killed ratio, and assertion count) from the control values, with each deviation nor-
malized by the control baseline to ensure fair comparison across different metric scales. A
significant penalty is applied to configurations that complete fewer tasks than the control,
ensuring that only robust and reliable models are considered. The distance calculation is:

Listing 7.4: Closest to control weight calculation

penalty_mask = df_no_control["n_of_tasks"] < control_n_of_tasks
distance = (

0.475 * (df_no_control["test_coverage"] -
control_coverage).abs() / control_coverage
+ 0.475 * (df_no_control["percentage_killed"] -
control_mutation).abs() / control_mutation
+ 0.05 * (df_no_control["n_of_asserts"] -
control_n_of_asserts).abs() / control_n_of_asserts

)
df_no_control["weight"] = penalty_mask.astype(float) * 1000.0 +

(~ penalty_mask).astype(float) * distance

Lower distance values indicate closer approximation to human baseline, contrasting with
the performance weight where higher values indicated better absolute performance. This
distance-based ranking identifies models that best replicate human test-writing characteris-
tics rather than simply achieving high scores.

The formula incorporates the following components:

• Test Coverage Deviation: The absolute difference between the model’s test coverage
and the control’s test coverage, normalized by the control value. This component is
weighted at 47.5% to reflect its importance in evaluating test quality.

• Percentage killed Ratio Deviation: Similar to test coverage, this component mea-
sures the absolute difference in percentage killed ratios, also normalized by the control
value and weighted at 47.5%.

• Assertion Count Deviation: The absolute difference in the number of assertions,
normalized by the control’s assertion count. This component is given a smaller weight
of 5% to encourage concise test suites.

• Task Completion Penalty: A binary penalty mask is applied, adding a substantial
penalty (1000 points) for configurations that complete fewer tasks than the control.
This ensures that models failing to generate tests for the full set of functions are
deprioritized.

Table 7.4: 5 closest models to control based on weighted distance metric

Model name Technique Weight Temperature Test coverage Percentage killed Number of asserts
control control 0 99,07 84,84 222
models/gemini-2.5-pro zero_shot 0,05 0.6 99,40 80,68 347
models/gemini-2.5-pro few_shot 0,08 0.0 99,78 76,19 363
deepseek/DeepSeek-V3-0324 zero_shot 0,09 0.0 99,31 68,35 222
models/gemini-2.5-flash zero_shot 0,12 0.9 99,40 73,98 459
deepseek/DeepSeek-V3-0324 few_shot 0,12 0.6 99,31 62,90 222

Table 7.4 presents the five model configurations whose performance profiles most closely re-
semble the human-written control baseline, ranked by weighted distance metrics that heavily
penalize incomplete task execution.
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The Gemini-2.5-Pro zero-shot configuration with temperature 0.6 achieves the closest ap-
proximation to control performance (distance weight of 0.05), demonstrating exceptional
alignment with human-written test characteristics through 99.40% test coverage and 80.68%
percentage killed ratio. This configuration maintains near-optimal coverage while achieving
approximately 95% of the control’s fault detection capability. However, it generates a higher
assertion count (347) compared to the control (222), indicating a trade-off between test
suite size and effectiveness.

The Gemini-2.5-Pro few-shot variant with temperature 0.0 follows closely (distance weight
of 0.08), exhibiting marginally higher test coverage (99.78%) but slightly reduced mutation
effectiveness (76.19%) with an even higher assertion count (363). DeepSeek-V3-0324 zero-
shot configuration ranks third (distance weight of 0.09), notably achieving identical assertion
count to the control (222) while maintaining strong coverage (99.31%) and reasonable
percentage killed ratio (68.35%).

Gemini-2.5-Flash zero-shot with temperature 0.9 and DeepSeek-V3-0324 few-shot with
temperature 0.6 complete the top five, both achieving distance weights of 0.12. The
Gemini-2.5-Flash configuration demonstrates high coverage (99.40%) with moderate muta-
tion effectiveness (73.98%) but generates significantly more assertions (459). Conversely,
the DeepSeek-V3-0324 few-shot variant maintains efficiency with only 222 assertions while
achieving 99.31% coverage and 62.90% percentage killed ratio.

Notably, all configurations in this subset successfully completed the full 33-task experi-
mental set, underscoring their robustness and reliability in test generation. The proximity
rankings reveal that while Gemini-2.5-Pro variants achieve the highest percentage killed ra-
tios, DeepSeek-V3-0324 configurations offer superior efficiency in terms of assertion count,
exactly matching the control baseline. This suggests a potential trade-off between test
suite size and effectiveness, highlighting the need for further optimization in future model
iterations.

7.9.6 Final notes on evaluation

The comprehensive evaluation of 46 model configurations across five major LLM providers
reveals significant insights into the current state and limitations of automated unit test
generation. The experimental findings demonstrate that while contemporary LLMs exhibit
substantial capability in generating syntactically correct and functionally relevant test code,
a notable performance gap persists when compared to human-written test suites.

The control baseline establishes a challenging performance ceiling with 84.84% percent-
age killed ratio and 99.07% test coverage, which no LLM configuration successfully sur-
passed. The highest-performing configuration, DeepSeek-V3-0324 with zero-shot prompt-
ing, achieved 68.35% percentage killed ratio representing approximately 80% of human-level
fault detection capability. This gap suggests that current LLM approaches, while promising,
have not yet achieved the nuanced understanding of edge cases and fault-prone patterns
that characterize expert human test development.

Several critical patterns emerge from the comparative analysis. First, model scale demon-
strates significant impact on performance quality, with larger parameter models (e.g., DeepSeek-
V3, Gemini-2.5-Pro) consistently outperforming smaller variants (e.g., Gemma-3-1b). The
smaller models exhibited severe completion challenges, with Gemma-3-1b-it configurations
failing to complete substantial portions of the experimental tasks (19 and 32 out of 33 tasks
respectively) and achieving negative weighted scores due to the task completion penalty.
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Second, temperature settings exhibit model-specific optimization requirements, with DeepSeek-
V3 performing optimally at temperature 0.0, while Gemini variants often benefit from higher
temperature values (0.6-0.9). The Gemini-2.5-Flash-Lite few-shot configuration with tem-
perature 0.0 demonstrated pronounced underperformance (-954.44% weighted score), while
its zero-shot counterpart with temperature 0.6 achieved significantly better results (46.88%
weighted score), highlighting the critical impact of temperature and prompting strategy
interactions.

Third, prompting strategy effectiveness varies substantially across model families, with the
top-performing configurations showing mixed results between zero-shot and few-shot ap-
proaches. Both DeepSeek-V3-0324, Gemini-2.5-Pro, and Grok 3 achieved their best perfor-
mance with zero-shot prompting, suggesting that certain models possess sufficient internal
knowledge to generate high-quality tests without exemplar guidance. Conversely, some con-
figurations (e.g., GPT-4.1-Mini which scored top 6 with 62.72% weighted score) benefited
from few-shot prompting, indicating that exemplar-based context can enhance performance
for specific architectures and sizes.

Fourth, a clear trade-off emerges between test suite efficiency and effectiveness. While
Gemini-2.5-Pro variants achieved the highest percentage killed ratios (80.68% and 76.23%),
they generated substantially more assertions (347 and 363) compared to DeepSeek-V3-0324
configurations that matched the control’s assertion count (222) while maintaining strong
performance. This indicates that assertion density does not necessarily correlate with test
quality, and more concise test suites may achieve comparable fault detection capabilities.

The proximity analysis reveals that five configurations achieved distance weights below 0.12
from the control baseline, with Gemini-2.5-Pro zero-shot (distance: 0.05) demonstrating
the closest approximation to human-written test characteristics. However, even the best-
performing configurations exhibit systematic limitations in fault detection capability, with
percentage killed ratios ranging from 62.23% to 80.68% consistently below the human
baseline of 84.84%.

The utilization of multiple evaluation metrics proves essential for obtaining a comprehensive
assessment of model performance. Single-metric evaluations can be misleading; for instance,
a configuration may achieve high test coverage while exhibiting poor percentage killed ratios,
indicating that generated tests execute code paths but fail to detect meaningful faults.
Conversely, a configuration may demonstrate strong fault detection capabilities but generate
excessive assertions, suggesting inefficient test design. This multi-dimensional evaluation
approach enables nuanced performance characterization, revealing distinct model strengths
and limitations that would remain obscured under unidimensional assessment criteria.

These findings collectively indicate that automated unit test generation using contemporary
LLMs represents a promising but not yet mature technology. The demonstrated capabilities
suggest significant potential for developer productivity enhancement, particularly in scenarios
requiring rapid test scaffolding or coverage gap identification. However, the persistent quality
gaps relative to human-written tests, coupled with significant variability in model reliability
and completion rates, indicate that current approaches are best positioned as augmentation
tools rather than complete replacements for human test development expertise. Future work
should focus on improving model consistency, optimizing prompting strategies per model
family, and developing hybrid approaches that combine automated generation with human
validation and refinement.
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7.10 Operational Efficiency Analysis

This section examines the operational efficiency of various LLM configurations in terms of
token usage and time taken for test generation. Although these metrics do not directly
impact test quality and were not the main focus of the evaluation, they provide valuable
insights into the cost-effectiveness and responsiveness of different models and prompting
strategies under practical usage scenarios.

As per this analysis, we focus on two key dimensions:

• Token Usage: Evaluates the total number of tokens consumed per test generation
request, including prompt, reasoning (if applicable), and completion tokens. This
metric is critical for understanding the cost implications of using different LLMs, as
many providers charge based on token consumption.

• Pricing Implications: By analyzing token usage in conjunction with provider-specific
pricing models, we can estimate the financial cost associated with each model config-
uration. This analysis helps identify configurations that offer the best balance between
performance and cost, informing decisions for practical deployment.

• Time Taken: Measures the latency from request initiation to response receipt for
successful test generation attempts. This metric reflects the responsiveness of each
model configuration, which is particularly relevant in interactive development environ-
ments where rapid feedback is essential.

For both dimensions, it will be analyzed only both top performing models, DeepSeek-V3-
0324 zero-shot 0.0 temperature and Gemini-2.5-Pro zero-shot 0.6 temperature, since they
also come from different providers (Github Marketplace and Gemini), in order to provide a
focused comparison of efficiency among the most effective configurations.

Table 7.5: Token usage and time taken for best performing models

Model name Technique Total
prompt
token

Total
thoughts

token

Prompt
token mean

Thoughts
token mean

Total time
(s)

Mean time
(s)

DeepSeek-V3-0324 zero_shot 14302 6487 433,39 196,58 483,04 14,64
/gemini-2.5-pro zero_shot 15256 17864 462,30 541,33 741,51 22,47

7.10.1 Token usage

Table 7.5 summarizes the token usage, including total tokens, prompt tokens, and thoughts
tokens, for the two top-performing configurations. The DeepSeek-V3-0324 zero-shot con-
figuration with temperature 0.0 consumed a total of 14302 tokens for prompts inputs and
6487 tokens for reasoning, averaging 433.39 prompt tokens and 196.58 reasoning tokens
per task. In contrast, the Gemini-2.5-Pro zero-shot configuration with temperature 0.6 uti-
lized a total of 15256 prompt tokens and 17864 reasoning tokens, averaging 462.30 prompt
tokens and 541.33 reasoning tokens per task.

Additionally we can observe that Gemini and DeepSeek calculate tokens differently, this is
highlighted by the fact that, even by using the same prompt template, Gemini used more
prompt tokens than DeepSeek. The reason for this was not investigated further, but it
is likely due to differences in tokenization algorithms or handling of special characters and
formatting.
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With this data, we can estimate the cost implications based on the pricing models of each
provider, referencing the table 6.1 for pricing details.

Pricing Implications: The following calculation are done, hypothetically assuming that the
free tier has been exceeded, in order to provide a more realistic cost estimation for practical
usage scenarios. Gemini-2.5-Pro pricing is as follows:

• Input tokens: $1.25 per 1M tokens for usage up to 200k tokens, and $2.50 per 1M
tokens for usage above 200k tokens.

• Output tokens: $10.00 per 1M tokens for usage up to 200k tokens, and $15.00 per
1M tokens for usage above 200k tokens.

Applying the formula to the total token usage data:

• Input tokens cost: 15256 / 1,000,000 * 1.25 = $0.01907

• Output tokens cost: 17864 / 1,000,000 * 10.00 = $0.17864

• Total estimated cost for Gemini-2.5-Pro: $0.01907 + $0.17864 = $0.19771

As per the cost per task (mean):

• Input tokens cost per task: 462.30 / 1,000,000 * 1.25 = $0.000577875

• Output tokens cost per task: 541.33 / 1,000,000 * 10.00 = $0.0054133

• Total estimated cost per task for Gemini-2.5-Pro: $0.000577875 + $0.0054133 =
$0.00599

DeepSeek-V3-0324 pricing is as follows:

• Input tokens: 0.114 multiplier and $1.14 per 1M tokens.

• Output tokens: 0.456 multiplier and $4.56 per 1M tokens.

Applying the formula to the total token usage data:

• Input tokens cost: 14302 * 0.114 / 1,000,000 * 1.14 = $0.001856

• Output tokens cost: 6487 * 0.456 / 1,000,000 * 4.56 = $0.013497

• Total estimated cost for DeepSeek-V3-0324: $0.001856 + $0.013497 = $0.015353

As per the cost per task (mean):

• Input tokens cost per task: 433.39 * 0.114 / 1,000,000 * 1.14 = $0.00000563

• Output tokens cost per task: 196.58 * 0.456 / 1,000,000 * 4.56 = $0.0004088

• Total estimated cost per task for DeepSeek-V3-0324: $0.00000563 + $0.0004088 =
$0.0004651

From this analysis, we can observe that despite Gemini-2.5-Pro achieving higher perfor-
mance metrics (coverage and percentage killed), its estimated cost per task ($0.00599)
and total cost ($0.19771) is significantly higher than that of DeepSeek-V3-0324 per task
($0.0004651) and total cost ($0.015353). This indicates that while Gemini-2.5-Pro may
offer superior test generation quality, it does so at a substantially higher operational cost,
which could be a critical consideration for large-scale or budget-constrained applications.
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7.10.2 Time taken

The time taken for test generation is a crucial metric for evaluating the responsiveness
of LLM configurations, particularly in interactive development environments where rapid
feedback is essential. Table 7.5 also summarizes the total and mean time taken for test
generation for the two top-performing configurations.

The DeepSeek-V3-0324 zero-shot configuration with temperature 0.0 completed the test
generation tasks in a total of 483.04 seconds, averaging 14.64 seconds per task. In contrast,
the Gemini-2.5-Pro zero-shot configuration with temperature 0.6 took significantly longer,
with a total time of 741.51 seconds and an average of 22.47 seconds per task.

This analysis indicates that DeepSeek-V3-0324 not only offers a more cost-effective solution
in terms of token usage but also demonstrates superior responsiveness, completing tasks
more quickly than Gemini-2.5-Pro. The faster turnaround time of DeepSeek-V3-0324 could
be particularly advantageous in scenarios requiring rapid iteration and feedback, enhancing
developer productivity.

Additionally, this results for both token usage and time taken may vary based on the provider
infrastructure, current load, and other external factors. Therefore, while these metrics
provide valuable insights into operational efficiency, they should be interpreted within the
context of potential variability in real-world usage scenarios.

7.11 Summary

This chapter presented a comprehensive evaluation of various Large Language Model (LLM)
configurations for automated unit test generation, focusing on performance metrics such as
test coverage, percentage killed ratio, assertion count, token usage, and time taken. The
evaluation encompassed 46 distinct model configurations across five major LLM providers,
employing both zero-shot and few-shot prompting techniques with varying temperature set-
tings.

The findings highlight the trade-offs between cost, performance, and responsiveness, provid-
ing valuable insights for selecting appropriate LLM configurations for specific testing needs.

Notably, while some configurations approached human-written test quality, none surpassed
the control baseline, indicating that current LLMs are best suited as augmentation tools
rather than complete replacements for human expertise in test development. The analysis
also underscored the importance of multi-dimensional evaluation metrics to capture the
nuanced strengths and limitations of different models, guiding future research and practical
applications in this evolving field.
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Chapter 8

Conclusion and Future Work

This chapter synthesizes the outcomes of the research on developing an automated unit
test generation solution powered by LLMs. It revisits the research objectives, distils consol-
idated findings (method-centric rather than speculative numerical claims), enumerates vali-
dated contributions, articulates limitations and threats to validity, and outlines a structured
roadmap for future advancement. Final quantitative result tables will be integrated after
completion and verification of the definitive experimental runs described in Chapters 4–7;
methodological framing here ensures interpretability independent of pending numeric inser-
tion.

8.1 Revisiting Research Objectives

This section revisits the research questions outlined in Chapter 1, summarizing the key
findings and insights derived from the experimental evaluation and analysis presented in
Chapters 4 through 7. Each research question is answered, highlighting the contributions
made towards advancing the understanding of LLMs for automated unit test generation.

8.1.1 RQ1: Prompting Techniques Effectiveness

Research questions RQ1: "What prompting techniques are most effective to enable
LLMs to generate meaningful and reliable test cases?", was designed to evaluate the
impact of different prompting strategies (zero-shot vs few-shot) on the quality and reliability
of generated unit tests. In order to systematically assess this, the study compared the
performance of LLMs using both zero-shot and few-shot prompting techniques across a
standardized dataset of coding tasks. By using the weighted metric, we can do a simple
sum of all weights by technique, and then compare the results. This results in zero-shot
prompting achieving a total weight of 266.1 and few-shot prompting achieving a total weight
of -1752.3. This indicates that, within the context of this study, zero-shot prompting was
significantly more effective than few-shot prompting for generating meaningful and reliable
test cases. The findings suggest that LLMs may benefit from the flexibility and generalization
capabilities inherent in zero-shot approaches, which allow them to leverage their pre-trained
knowledge without being constrained by specific examples.

Additionally, it is important to highlight that while zero-shot prompting demonstrated supe-
rior performance in this study, the effectiveness of prompting techniques may vary depending
on the specific LLM used, the nature of the coding tasks, and the context in which they
are applied. An concrete example of this is the results for gpt-4.1-mini, where few-shot
prompting achieved a higher weight (62.72%) compared to zero-shot prompting (59.04%).
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This indicates that for certain models, few-shot prompting can be more effective, likely due
to the model’s architecture and training data.

8.1.2 RQ2: Optimal Temperature Settings

Research question RQ2: "What is the optimal temperature for the model’s performance
using zero-shot and few-shot prompting?", aimed to identify the temperature settings
that yield the best performance for LLMs in generating unit tests. Temperature is a crucial
parameter that influences the randomness of the model’s output, with lower values leading
to more deterministic responses and higher values promoting diversity. The study systemat-
ically evaluated various temperature settings (0.0, 0.6 and 0.9) across different LLMs and
prompting techniques configurations. To achieve the answer to this research question, it
was performed a temperature calibration analysis, as discussed in Section 6.9. The results
indicated that 20 LLMs configuration obtained the best results with a temperature of 0.0,
17 with a temperature of 0.6 and only 9 with a temperature of 0.9. This suggests that, in
general, lower temperature settings are more effective for generating reliable and accurate
unit tests, maybe due to the reduced randomness and increased focus on the most likely
outputs. However, it is important to note that the optimal temperature may vary depending
on the specific LLM and the nature of the coding tasks. For instance, some models may
benefit from higher temperatures to explore a wider range of potential test cases, especially
in scenarios where creativity and diversity are valued. This is the case of Gemini 2.5 pro,
where a temperature of 0.6 yielded the best results and this placed this model in the top
category. Therefore, while lower temperatures were generally more effective in this study,
further research is needed to explore the nuances of temperature settings across different
models and contexts.

8.1.3 RQ3: Most Effective LLMs for Test Case Generation

Research question RQ3: "Which LLMs are most effective for generating test cases?",
focused on evaluating and comparing the performance of various LLMs in the context of
automated unit test generation. The study assessed a diverse set of LLMs, accessible via
GitHub Marketplace (Github Models) and Gemini models, using a standardized dataset of
coding tasks and a consistent evaluation framework. The performance of each model was
measured using a weighted metric that combines test coverage, mutation score, and the
number of assertions in the generated tests. As per the evaluation, it was conducted by
ordering the models based on their weighted metric scores, as well as comparing their perfor-
mance with the control group (HumanEval dataset with manually written tests). The results
revealed that both evaluations (best and closest to control) were dominated by Gemini 2.5
Pro and DeepSeek V3 0325 models. These findings suggest that these models possess ad-
vanced capabilities in understanding and generating code, making them particularly effective
for the task of unit test generation. The dominance of these models in the top rankings
indicates their superior ability to balance test coverage, fault detection, and assertion gen-
eration, which are critical factors in evaluating the quality of generated tests. However, it is
important to note that the effectiveness of LLMs can be influenced by various factors, in-
cluding their architecture, training data, and the specific characteristics of the coding tasks.
Therefore, while Gemini and DeepSeek models demonstrated exceptional performance in
this study, further research is needed to validate if this trend holds across different datasets
and real-world applications.
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8.1.4 RQ4: Integration Impact on Software Development Process

Research question RQ4: "What is the impact of integrating these models into the
existing software development process?", aimed to assess the practical implications and
benefits of incorporating LLMs for automated unit test generation within standard software
development workflows. The integration of LLMs into the software development process
has the potential to significantly enhance productivity, improve code quality, and stream-
line testing activities. As discussed in Section 3.1, the Software Development Life Cycle
(SDLC) encompasses various phases, including requirements gathering, design, implemen-
tation, testing, deployment, and maintenance. The integration of LLMs for test generation
primarily impacts the testing phase, but also has implications for other stages of the SDLC.
By automating the generation of unit tests, LLMs can reduce the manual effort required
from developers, allowing them to focus on more complex and creative tasks. This can
lead to faster development cycles and quicker identification of defects, ultimately improv-
ing the overall quality of the software product. Furthermore, as highlighted in Section 3.2,
effective software testing is crucial for ensuring that applications meet their functional and
non-functional requirements. The use of LLMs for test generation can enhance test cover-
age and fault detection capabilities, leading to more robust and reliable software systems.
The acquired results show that, not all models are able to generate tests that are comparable
to human-written tests, as seen in Table 7.4. However, the top-performing models, such as
Gemini 2.5 Pro and DeepSeek V3 0325, demonstrate that LLMs can produce high-quality
and reliable tests that are closely approximate human performance. This suggest that, with
the right model selection and configuration, LLMs can be effectively integrated into the soft-
ware development process to augment traditional testing practices. However, it is important
to consider potential challenges and limitations associated with this integration, such as the
prompt engineering, real-world applicability due to the dataset used being limited to small
coding tasks, billing, and the need for human oversight to ensure the validity and relevance
of generated tests. Overall, the integration of LLMs into the software development process
holds significant promise for enhancing testing practices and improving software quality, but
requires careful consideration of the specific context and requirements of the development
environment.

8.1.5 Conclusions on Research Objectives

The research objectives outlined in Chapter 1 have been systematically addressed through
the experimental evaluation and analysis presented in Chapters 4 to 7. The study has
provided valuable insights into the effectiveness of different prompting techniques, optimal
temperature settings, the performance of various LLMs, and the practical implications of
integrating these models into the software development process. The findings highlight the
potential of LLMs to enhance automated unit test generation, while also identifying areas
for further research and improvement. Overall, the research contributes to advancing the
understanding of LLMs in the context of software testing and provides a foundation for
future exploration in this rapidly evolving field.

8.2 Implementation-Specific Threats to Validity

This subsection delineates threats that arise specifically from implementation choices in
the framework (in contrast to broader experimental design concerns addressed elsewhere).
They span reliability of external services, enforcement mechanisms (timeouts, rate limits,
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validation heuristics), tooling constraints (mutation operator set, coverage configuration),
dataset representativeness, and operational resource limitations. Identifying these issues
clarifies which findings are robust under re-execution and which warrant caution or future
mitigation.

Provider variability poses a significant threat as LLMs evolve rapidly; model versions and
capabilities may change between runs, affecting reproducibility. Rate limiting and timeouts
present another challenge, as aggressive rate limits or timeouts may prematurely abort gen-
eration attempts, biasing results. While resumability and retries help mitigate this risk, they
cannot fully eliminate it.

The validation process introduces potential limitations, as the chosen validation steps (syn-
tax, compile, import, pytest run) may not catch all semantic errors or false positives/neg-
atives in generated tests. More exhaustive validation approaches, such as static analysis,
could improve robustness but would come at higher computational cost.

Mutation testing limitations arise from the fact that mutation operators and configurations
may not fully represent real-world fault profiles. The choice of mutmut and its specific set-
tings influence the mutation score and comparability of results across different approaches.

Dataset scope presents a constraint as the HumanEval-derived dataset focuses on small,
single-function tasks in Python. Results may not generalize to larger, multi-function code-
bases or other programming languages without further validation and adaptation. The
exclusion of complex tasks (e.g., those requiring external libraries or stateful interactions)
may affect real-world applicability.

Prompt design represents another potential threat, as the zero-shot and few-shot prompt
templates used may not be optimal for all models. Different prompt engineering strategies
could yield different performance profiles, and additional research using grid search tech-
niques16 could identify more effective prompts.

Resource constraints from local hardware limitations (CPU, memory) may affect concurrency
levels and execution times, potentially disadvantaging the feedback loop of generation and
evaluation. Finally, cost considerations related to API calls may have constrained the number
of generations or model variants tested, potentially limiting the comprehensiveness of the
evaluation.

8.3 Future Work

This section outlines potential research directions and system enhancements that could
extend the current work and address identified limitations. The recommendations span
methodological improvements, technical enhancements, and broader research questions that
emerge from the findings.

8.3.1 Model Integration and Fine-tuning

Currently, the framework supports only Gemini and GitHub Models through their respective
APIs. Future work should expand support to include additional LLM providers and local

16Grid search is an exhaustive optimization method that systematically tests all combinations of specified
parameters (such as prompt variants or temperature settings) to identify the configuration yielding the best
performance.
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model deployment options to reduce dependency on external services and associated costs.
Additionally, investigating fine-tuning approaches specifically for test generation tasks could
yield models better adapted to the nuances of unit test creation, potentially improving
performance beyond what general-purpose models achieve through prompting alone.

8.3.2 Enhanced Evaluation Metrics

The current evaluation framework relies primarily on line coverage, mutation score, and
assertion count. Future iterations could incorporate, for example, branch coverage analysis
to provide a more comprehensive assessment of test quality. Additionally, complexity analysis
using big-O notation could help evaluate individual scores in relation to the complexity of
the code under test. This would provide insights into how well models handle more complex
logic and edge cases. Another enhancement could involve integrating static analysis tools
to assess code quality or considering the retry count as a metric to evaluate model reliability
and efficiency.

The weight system introduced for model comparison should be refined and validated through
additional experimental runs to ensure robust temperature calibration and model ranking.
This includes rerunning experiments with the updated weighting methodology to verify con-
sistency of findings.

8.3.3 Prompt Engineering and Temperature Exploration

Further research into prompt engineering could explore a wider variety of prompt templates
and structures to identify those that elicit the best performance from different LLMs. This
could involve systematic experimentation with prompt phrasing, context provision, and exam-
ple selection in few-shot scenarios. Additionally, a more granular exploration of temperature
settings beyond the discrete values currently tested (0.0, 0.6, 0.9) could help identify optimal
configurations for different models and tasks. Techniques such as grid search or Bayesian
optimization17 could be employed to efficiently explore the parameter space.

8.3.4 Dataset Improvements and Preprocessing

The HumanEval-derived dataset could benefit from enhanced preprocessing techniques to
transform unit tests with multiple assertions into single-assertion tests. This transforma-
tion could leverage AST and AI-assisted human-in-the-loop processes to ensure semantic
correctness while maintaining test integrity. Additionally, expanding the dataset to include
more complex coding tasks, multi-function scenarios, and diverse programming languages
would improve the generalizability of findings.

8.3.5 Contextual and Integration Testing

Future research should also explore the use of Model Context Protocol (MCP) servers to
enable integration testing scenarios with richer context and more complex datasets, moving
beyond the current focus on isolated unit functions. This would involve evaluating how well
LLMs can generate tests that consider interactions between multiple components and exter-
nal dependencies, reflecting more realistic software development environments. To facilitate

17it can substantially improve the performance of models where hyper-parameter tuning is involved by
systematically exploring the parameter space and identifying the most effective configurations.
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this, it would be recommended to have a control project repository with comprehensive test
suites to serve as benchmarks for integration testing performance.

8.3.6 Data Quality and Contamination Analysis

Future work should address potential data contamination issues where training data for LLMs
may overlap with evaluation datasets, leading to artificially inflated performance metrics.
Research should investigate methods to detect and mitigate such contamination, ensuring
that evaluation results reflect genuine generalization capabilities rather than memorization.

Additionally, analysis of "illusion of thinking" phenomena, where models appear to demon-
strate reasoning (Large Reasoning Models - LRMs) but may be following learned patterns18,
should be conducted to better understand the cognitive processes underlying generated out-
puts and to learn how to prompt and configure models effectively, as well as to identify
scenarios where models may fail to generalize appropriately.

8.3.7 Scalability and Real-world Application

Research should extend beyond the current small-function focus to evaluate performance on
larger, multi-function codebases and real-world software projects. This includes investigating
how the approach scales to enterprise-level applications and whether the benefits observed
in controlled settings translate to practical development environments.

Cost-benefit analyses should be conducted to understand the economic implications of differ-
ent LLM configurations and usage patterns, helping organizations make informed decisions
about adoption strategies.

8.3.8 Cross-language and Multi-paradigm Support

While the current work focuses on Python, future research should explore the generaliz-
ability of findings across programming languages and paradigms. This includes investigat-
ing whether prompting strategies and model preferences remain consistent across object-
oriented, functional, and procedural programming contexts.

8.4 Summary

This chapter has synthesized the research findings, revisited the original objectives, and
outlined a roadmap for future exploration. The study has demonstrated the potential of
LLMs to enhance automated unit test generation, while also identifying areas for further
research and improvement. By addressing the identified threats to validity and pursuing
the proposed future work directions, subsequent research can build upon this foundation to
advance the state of the art in LLM-driven software testing.

18https://ml-site.cdn-apple.com/papers/the-illusion-of-thinking.pdf
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