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Abstract

The increasing capabilities of Large Language Models (LLMs) have opened new av-
enues for automating critical tasks in software and systems engineering, particularly
in the generation and analysis of requirements. This thesis investigates the poten-
tial of LLMs to generate Low-Level Requirements (LLRs) from existing High-Level
Requirements (HLRs), aiming to evaluate how effectively these models can replicate
human-derived requirements. The study employs multiple state-of-the-art LLMs to
generate LLRs using various prompting strategies, followed by a systematic evaluation
of coverage and traceability through expert validation and alignment with established

academic criteria.

The findings of this research provide insights into the strengths and limitations of
LLMs in capturing detailed, actionable system specifications. While LLMs demon-
strate significant potential for automating certain aspects of requirements engineer-
ing, human expertise remains essential for ensuring completeness, accuracy, and con-
textual relevance. By highlighting areas where automation can enhance efficiency
and where human oversight is necessary, this work contributes to a deeper under-
standing of LLM capabilities in requirements engineering and offers practical recom-
mendations for integrating these models into professional practice to improve require-
ment traceability, consistency, and quality.

vii



Chapter 1
Introduction

Requirements engineering, or RE, is a crucial component of software engineering
since it forms the basis for all other development phases. Traditional requirements
documentation uses natural language [18] and can range from casual explanations to

formalized formats like use cases.

Researchers are motivated to use natural language processing technology for a vari-
ety of requirements engineering tasks due to the textual character of requirements
[28]. The differing levels of abstraction between high-level and low-level require-
ments, their reliance on natural language, and the frequently disparate terminology
employed present a problem for supporting automatic reviews for requirements cov-
erage. This difficulty can now be addressed in novel ways thanks to the emergence of
Large Language Models (LLMs), which have been trained on large text corpora and

are able to contextualize both high-level and low-level requirements [23].

In recent years, the application of Large Language Models (LLMs) in software engi-
neering tasks has gained significant attention. This thesis explores the use of LLMs to
automate and analyze requirement coverage from High-Level Requirements (HLR) to
Low-Level Requirements (LLR). By leveraging state-of-the-art models namely Gem-
ini 2.0 Flash, Meta Llama 3 8B and DeepSeek 7B chat, this work aims to generate
LLRs from HLRs and assess the coverage achieved in comparison to existing human-
curated mappings.

1.1 Background

The accurate translation of system requirements from a high-level form to detailed,
actionable specifications is a critical task in the development of complex software sys-



tems. High-Level Requirements (HLRs) describe what a system must accomplish, of-
ten in broad or business-oriented terms, while Low-Level Requirements (LLRs) break
down these goals into precise, technical directives that guide implementation. Ensur-
ing requirement coverage—that is, verifying that all HLRs are adequately addressed
by corresponding LLRs—is essential for building reliable, compliant, and high-quality
systems.

Traditionally, the process of mapping HLRs to LLRs has relied heavily on human ex-
pertise, which is time-consuming, labor-intensive, and prone to oversight [26]. How-
ever, recent advances in Artificial Intelligence (Al), particularly in Large Language
Models (LLMs) such as Gemini 2.0 Flash [17], Meta Llama 3 8B Instruct [1] and
DeepSeek 7B Chat [7], offer new opportunities to automate and support this critical
activity. LLMs, trained on vast amounts of text data, have shown remarkable abilities
in understanding and generating human-like text, making them promising tools for
requirement engineering tasks.

This research investigates the use of LLMs to generate LLRs from HLRs and evaluates
the extent to which these generated LLRs provide complete and correct coverage com-
pared to human-created mappings. The study uses real-world datasets from the Cen-
ter of Excellence for Software & Systems Traceability (CoEST) [6], including projects
from domains like healthcare (e.g., HIPAA requirements) [3] and aerospace (e.g.,
NASA’s CM1 dataset) [14], where requirement accuracy is critical for safety, compli-
ance, and system integrity. By exploring various prompting techniques—including
Zero-Shot prompting, Zero-Shot with Explanation, and Chain of Thought reason-
ing—this thesis also replicates and extends existing research, aiming to deepen our
understanding of how prompting strategies influence LLM performance in require-

ment coverage tasks.

The ability for automation of certain steps of the requirement engineering process
could greatly improve system development’s efficiency and dependability as software
systems continue to grow in complexity and societal significance, especially in indus-
tries like cybersecurity, aerospace, and healthcare. Through this study, we aim to con-
tribute to the larger endeavor of securely and effectively incorporating Al into crucial
phases of software engineering.

1.2 Motivations and Scope

As software systems become increasingly complex and mission-critical—especially in
sectors like healthcare, aerospace, and cybersecurity—the need for precise and com-



plete requirements engineering has never been greater. Any gaps or errors in the map-
ping from High-Level Requirements (HLRs) to Low-Level Requirements (LLRs) can
lead to costly failures, safety risks, and regulatory non-compliance. Traditionally, en-
suring complete requirement coverage has relied heavily on manual processes, which
are time-consuming, expensive, and prone to human error.

At the same time, recent advancements in Artificial Intelligence, particularly in the
capabilities of Large Language Models (LLMs), present an opportunity to rethink and
automate parts of this critical engineering task. LLMs have shown exceptional poten-
tial in tasks involving comprehension, reasoning, and text generation—skills closely
aligned with requirement interpretation and breakdown. Leveraging these models
could not only reduce manual effort but also improve the consistency and reliability
of requirements traceability.

This thesis is motivated by the possibility of harnessing state-of-the-art LLMs to assist
in requirement engineering, particularly in bridging the gap between HLRs and LLRs.
By evaluating the coverage quality of LLM-generated LLRs against trusted human-
curated datasets, and by exploring the effects of different prompting strategies, this
research aims to assess the practical readiness of LLMs for real-world requirement
engineering tasks.

This thesis focuses on the use of Large Language Models (LLMs) for automating and
analyzing the coverage of Low-Level Requirements (LLRs) generated from High-Level
Requirements (HLRs). The work involves:

+ Generating LLRs from HLRs using selected LLMs (Gemini 2.0 Flash, Meta Llama
3 8B and DeepSeek 7B Chat).

« Utilizing datasets from the Center of Excellence for Software & Systems Trace-
ability (COeST), specifically CCHIT, CM1-NASA, GANTT, HIPAA, WARC, and
IP.

+ Applying and comparing three prompting strategies—Zero-Shot (zS), Zero-Shot
with Explanation (zS+E), and Chain of Thought (CoT) [27] —to evaluate their
impact on LLM performance.

« Measuring the quality of requirement coverage based on expert validation and

established coverage criteria drawn from the literature.

« Replicating prior research methods to ensure comparability, while also extend-
ing the analysis with additional models and perspectives.

The thesis does not aim to create new datasets, propose new LLM architectures, or



perform fine-tuning of the models; rather, it focuses on evaluating existing general-
purpose models and prompting techniques for their suitability in requirement engi-
neering contexts.

1.3 Problem Statement

The manual derivation and validation of Low-Level Requirements (LLRs) from High-
Level Requirements (HLRs) are critical yet labor-intensive tasks in software develop-
ment, especially in domains requiring high assurance, such as healthcare and aerospace.
Human-driven requirement coverage processes are time-consuming, susceptible to
inconsistencies, and difficult to scale for large systems. Although Large Language
Models (LLMs) have demonstrated strong capabilities in text understanding and gen-
eration, their effectiveness in generating accurate and complete LLRs from HLRs re-
mains largely unexplored and invalidated in a systematic, traceability-focused con-
text. There is a pressing need to assess whether LLMs, with appropriate prompting
strategies, can reliably assist in bridging HLRs to LLRs while maintaining acceptable
coverage quality, thus supporting the automation and enhancement of requirement
engineering practices [23].

1.3.1 Research Objectives

« To evaluate the ability of selected Large Language Models (Gemini 2.0 Flash
[17], Meta Llama 3 8B Instruct [1] and DeepSeek 7B Chat [7]) to generate Low-
Level Requirements (LLRs) from High-Level Requirements (HLRs).

« To assess the requirement coverage provided by LLM-generated LLRs against
established human-curated datasets using expert validation and literature-based
criteria.

+ To compare the effectiveness of different prompting strategies—Zero-Shot (zS),
Zero-Shot with Explanation (zS+E), and Chain of Thought (CoT) [27] —in im-
proving the quality of LLR generation.

« To replicate and extend existing research methodologies in the domain of re-
quirements traceability, contributing insights into the readiness of LLMs for
real-world requirement engineering tasks.



1.3.2 Research Questions

RQ1: How well can LLMs generate LLRs from HLRs using various prompting
strategies?

This question investigates the capability of large language models (LLMs) to generate
low-level requirements (LLRs) from high-level requirements (HLRs) using different
prompting strategies, aiming to understand the potential and limitations of automated
LLR generation.

RQ2: What is the coverage of LLM-generated LLRs when compared to human-

generated LLRs across multiple datasets?

This question examines the coverage of LLM-generated LLRs in comparison to human-
generated LLRs across multiple datasets, assessing how well the models capture the

full set of requirements specified by humans.

RQ3: How does the use of different prompting strategies impact the quality
of LLR generation?

This question explores how varying prompting strategies influence the quality of LLRs
generated by LLMs, focusing on the role of prompt design in producing accurate, rel-
evant, and comprehensive requirements.

1.4 Research Challenges

Automating the generation and validation of Low-Level Requirements (LLRs) from
High-Level Requirements (HLRs) using Large Language Models (LLMs) introduces
several nuanced challenges unique to the domain of requirement engineering and Al
application in critical systems:

1. Preserving Semantic Fidelity Between HLRs and LLRs:
One of the core challenges is ensuring that the LLM-generated LLRs accurately
capture the intent, constraints, and conditions specified in the original HLRs.
Small deviations in interpretation can lead to incomplete or incorrect system

behavior, particularly in safety-critical domains like healthcare and aerospace.

2. Evaluating Requirement Coverage Objectively:
Assessing the quality and completeness of generated LLRs is not straightfor-
ward. Unlike typical text generation tasks where fluency and coherence are
sufficient, requirement coverage demands strict traceability, logical consistency,
and domain-specific accuracy, which are difficult to measure automatically and

often require expert evaluation.



. Handling Domain-Specific Language and Complexity:

HLRs and LLRs often contain specialized terminology, implicit assumptions,
and layered technical details that general-purpose LLMs may not fully grasp.
Successfully navigating domain-specific complexity without domain fine-tuning

remains a major hurdle.

. Prompting Strategy Sensitivity:

The output quality of LLMs is highly sensitive to the prompting strategy em-
ployed. Crafting prompts that elicit structured, complete, and accurate LLRs
consistently across diverse datasets is challenging, and small variations in prompt
phrasing can significantly impact results.

. Dataset Variability and Generalization:

The datasets used (e.g., HIPAA, CM1-NASA, GANTT) span different domains
and project types, each with distinct styles of requirements. Ensuring that LLM
performance generalizes across these varied datasets, rather than overfitting to

specific formats or structures, is a critical research obstacle.

. Absence of Standardized Benchmarks for Requirements Traceability via
LLMs:

Unlike tasks such as summarization or translation, requirement engineering
lacks well-established, standardized benchmarks for evaluating Al performance.
This makes comparative analysis more complex and requires careful design of

evaluation metrics and protocols.

By addressing these challenges, this research not only explores the capabilities of cur-

rent LLMs but also highlights critical gaps and limitations that future AI models and

methodologies must overcome to be effective in automated requirement engineering.

1.5 Contribution

Our work makes several novel contributions to the intersection of requirement engi-

neering and artificial intelligence, specifically in the application of Large Language

Models (LLMs) for requirement coverage analysis:

+ Evaluation of LLMs for Requirement Traceability:

A systematic evaluation of three state-of-the-art LLMs—Gemini 2.0 Flash, Meta
Llama 3 8B and DeepSeek 7B Chat—on the task of generating Low-Level Re-
quirements (LLRs) from High-Level Requirements (HLRs), using real-world
datasets from the Center of Excellence for Software & Systems Traceability (CO-



eST) [6].

+ Integration and Analysis of Prompting Strategies:
Replication and extension of prior research by implementing and comparing
three prompting strategies: Zero-Shot (zS), Zero-Shot with Explanation (zS+expl.),
and Chain of Thought (CoT), highlighting their impact on the quality of gener-

ated requirements across different datasets.

« Expert-Validated Requirement Coverage Assessment:
Coverage analysis of the LLM-generated LLRs through expert validation and
established literature-based criteria, providing a grounded and rigorous evalua-
tion rather than relying solely on automated or heuristic-based metrics.

« Identification of LLM Strengths and Limitations in Requirements Engi-
neering:
A detailed investigation into the capabilities and boundaries of general-purpose
LLMs when applied to the structured and domain-specific task of requirement
breakdown, offering valuable insights for both researchers and practitioners.

« Creation of a Comparative Framework for Future Research:
The development of a comparative analysis framework for assessing LLMs on
requirement traceability tasks, laying groundwork that can be extended with
additional models, prompting techniques, and datasets in future studies.

Significance of Contributions
These contributions advance the state of research in several ways:

+ They provide one of the first structured evaluations of contemporary LLMs specif-
ically in the context of requirement engineering, a domain traditionally under-
served by Al advancements.

« By systematically exploring prompting strategies, the work highlights practical
methods to enhance LLM performance without additional model training.

« Through expert validation, the thesis emphasizes the importance of human over-
sight in Al-assisted engineering tasks, setting a higher standard for future stud-
ies in the field.

« Finally, the comparative framework established offers a replicable methodology,
encouraging more rigorous and transparent evaluations in future Al traceability
research.



Together, these contributions help bridge the gap between emerging Al capabilities
and the highly specialized demands of real-world requirement engineering, demon-
strating a promising path for integrating LLMs into critical software development
workflows.

1.6 Organization

This chapter provides a brief overview of the structure and organization of the thesis,
offering the reader a roadmap to guide them through the document. Each chapter is
designed to address specific aspects of the research, and together, they build a cohesive
narrative that leads from the introduction of the research problem to the conclusions
drawn from the study.

Chapter 1: Introduction

The first chapter introduces the research problem and the motivation behind the study.
It provides a comprehensive background of the challenges in requirements engineer-
ing, particularly in automating the process of generating Low-Level Requirements
(LLRs) from High-Level Requirements (HLRs). The chapter also outlines the research
objectives and questions, setting the stage for the rest of the thesis. This introduction
is crucial for understanding the context in which the research was conducted and its
significance in the field of software engineering. Refer to Chapter 1.

Chapter 2: Related Work

Chapter 2 reviews the existing literature on requirements engineering, focusing on
the gap in automating the transition from HLRs to LLRs. This chapter provides an in-
depth analysis of previous research on requirement coverage, large language models
(LLMs), and related studies that attempt to automate tasks in software development.
It situates the research within the broader academic conversation and identifies areas
where the current study contributes to the field. Refer to Chapter 2.

Chapter 3: Methodology

In this chapter, the methodology of the research is described in detail. The study
adopts a multi-step approach, starting with the replication of prompting strategies for
two large language models, Gemini 2.0 Flash, Meta Llama 3 8B Instruct and DeepSeek
7B Chat. It discusses the process of generating LLRs using these models, followed by



the proposed evaluation strategies and how the generated LLRs are compared with
human-generated LLRs. The methodology chapter outlines the experimental setup,
data sources, and evaluation criteria used to assess the performance of the models.
This chapter is key to understanding the research design and the steps taken to achieve
the research objectives. Refer to Chapter 3.

Chapter 4: Results and Discussion

Chapter 4 presents the results of the experiments conducted, focusing on the per-
formance of the two selected models in generating LLRs from HLRs using different
prompting strategies. It discusses the effectiveness of the various strategies (Zero-
Shot, Zero-Shot with Explanation, Chain-of-Thought) and compares the generated
LLRs with human-generated LLRs using various datasets. The chapter also delves
into the broader implications of the findings, highlighting the potential applications
of LLMs in the requirements engineering process and suggesting areas for future re-
search. Refer to Chapter 4.

Chapter 5: Conclusion

The final chapter summarizes the research findings, discussing their implications and
contributions to the field. It reflects on the research objectives, key findings, and lim-
itations of the study. The chapter also proposes directions for future work based on
the results and acknowledges the challenges faced during the research process. The
concluding remarks underscore the importance of the study and its potential impact
on advancing the role of Al in requirements engineering. Refer to Chapter 5.

Overall Structure and Flow

The structure of this thesis follows a logical progression from identifying the research
problem to addressing it with a structured methodology and discussing the findings.
Each chapter builds on the previous one, offering deeper insights into the problem and
leading the reader through the research journey. The introduction and related work
chapters provide the foundational context for the research, while the methodology
chapter details the experimental design. The results and discussion chapter highlights
the outcomes of the experiments, and the conclusion chapter offers a reflection on the
research process and future opportunities. Together, these chapters form a cohesive
narrative that contributes to the ongoing discourse in the field of software engineering

and artificial intelligence.



Chapter 2

Related Works

Fan et al. [11] have pointed out that requirements engineering has not yet benefited
completely from research with LLMs. Studies pertaining to the coverage of high-level
to low-level requirements seem to be scarce. However, three primary areas of related
researches have already begun including learnings from LLMs in the requirements
domain [23].

2.1 Areas of Related Research

2.1.1 Requirements Analysis

We frequently run across issues like ambiguity and the demand for outside domain
knowledge in the requirements coverage industry, where natural language is a cru-
cial component. The use of LLMs to lessen these difficulties has thus attracted a lot of
interest from the scholarly community. Ezzini et al. [9] present an Al-based Question
Answering (QA) method that uses encoder-based models to respond to knowledge-
related inquiries about requirements. According to their research, AIBERT can pro-
vide the most accurate responses by drawing on outside expertise.

In the context of ambiguity assessment, Luitel et al. [21] investigate whether ambigu-
ous and unknown phrases may be identified from requirements by masking the am-
biguous term and requesting the model to report the masked word using an encoder-
based language model such as BERT. We use Gemini 2.0 Flash [17], Meta Llama 3
8B Instruct [1] and DeepSeek 7B Chat [7] in our work, which were trained on a huge
corpus of data to handle ambiguities and provide answers to requirements coverage-
related queries based on its extensive domain expertise.

10



2.1.2 Requirements Traceability

Requirement traceability refers to the process of linking and maintaining relation-
ships between different levels of requirements (e.g., High-Level Requirements (HLRs)
to Low-Level Requirements (LLRs)) throughout the development lifecycle. It en-
sures that every system or software requirement is verifiable and traceable back to its
source, helping to track the fulfillment of stakeholder needs and regulatory compli-
ance. Traceability is crucial for verifying that the system meets its intended objectives,
identifying changes or gaps, and supporting effective testing and validation processes
[22].

Requirements traceability makes it possible to follow a requirement’s lifecycle from
implementation to retirement [13] and identifies the code segments where particular
needs are implemented [4], [5].

Supporting software engineering tasks like change impact analysis [10], safety assur-
ance [8], and compliance verification [12] requires requirement traceability.

A preliminary investigation of the ability of LLMs, like Askell et al. [2], to detect traces
among different software artifacts was carried out by Rodriguez et al. [24]. The results
of the study show that Claude can correctly identify mapped traces in a zero-shot
prompting environment. Furthermore, the accuracy and recall of the model’s replies
have improved with the integration of CoT [27].

2.1.3 Requirements Satisfaction Assessment (RSA)

RSA, which was first used in [16], indicates the degree to which a collection of tex-
tual design elements in plain language meets the criteria. An IR-based method for
requirement analysis was investigated in Holbrook’s study on RSA difficulties [16].
In order to ensure semantic alignment, their approach divided requirements and de-
sign components and evaluated similarities with a domain-specific thesaurus. Using
vector cosine similarity and word importance, they experimented with both TF-IDF-
based Satisfaction Assessment and Naive Satisfaction Assessment. In order to match
requirement design pairings, their study evaluated a range of similarity levels. This
was followed by human analyst verification and comparison with a standard response
set.

Furthermore, they expanded their research to incorporate rule-based matching and
part-of-speech tagging into the Requirements Satisfaction Tool (RESAT) [15]. How-
ever, because of their reliance on text structure and requirement for manual rule modi-
fications, these methods had accuracy limits. In order to get around these restrictions,

11



our study suggests utilizing LLMs. Furthermore, we treat each phrase as its context
rather than limiting the textual information to segmented chunks. This allows each
HLR to be linked to an arbitrary number of LLRs, provided that the tokens’ context
window permits it.

2.2 Prompting Methodologies

In this work, different prompting methodologies were employed to guide Large Lan-
guage Models (LLMs) during the requirement coverage evaluation process. These
methodologies were used by Preda et al. [23] in their work. Each method varies in the
level of reasoning it expects from the model, affecting the depth and reliability of the
generated responses. The prompting approaches used are described below:

Zero-Shot (zS)

In the Zero-Shot prompting method, the model is simply asked whether all aspects
of a given high-level requirement are covered by the corresponding low-level require-
ments. The model is instructed to answer only with “Yes” or “No,” without providing
any justification or reasoning. This straightforward approach evaluates the model’s
innate understanding of requirement coverage without additional guidance or elabo-
ration [19].

Zero-Shot with Explanation (zS + expl.)

Building on the basic zero-shot setup, this method requires the model to not only re-
spond with “Yes” or “No” but also to explain its answer briefly in about 10 words. This
additional explanation aims to capture a concise rationale for the coverage decision,
offering better insight into the model’s internal reasoning process while still keeping

the response compact.

Chain of Thought (CoT)

The Chain of Thought prompting method encourages the model to reason step-by-
step. First, it identifies the key elements of the high-level requirement and matches
them with the provided low-level requirements. It then highlights any gaps or infers
implicit coverage, before concluding whether the overall coverage is complete or not.
Finally, the model must give a “Yes” or “No” answer, followed by a brief 10-word ra-
tionale. This structured reasoning process is intended to improve accuracy by making

12



the model articulate intermediate steps before reaching a conclusion [27].

Table 2.1: Prompting Strategies.

Prompting Strategies

Assume we want to ensure high-level to low-level
requirement review coverage. Given the high-level

45 requirement: “high_level_text” and the corresponding
low-level requirements “low_level_text_list”.

Answer with Yes or No: Are all the high-level requirements’

aspects covered by the low-level requirements?

Assume we want to ensure high-level to low-level
requirement review coverage. Given the high-level
requirement: “high_level_text” and the corresponding

zS + expl. low-level requirements “low_level_text_list”.

Answer with Yes or No: Are all the high-level requirements’
aspects covered by the low-level requirements? Explain in 10

words your answer.

Given the high-level requirement “high_level_text”, and
the detailed low-level requirements

“low_level_text_list”, let’s think step by step:

« identify the key elements, match them with the

low-level requirements
CoT

« highlight any gaps, infer implicit coverage

« conclude with full coverage or not

followed by a Yes or No with a brief rationale in about 10

words.

2.3 Gaps and Opportunities
Preda et al. [23] included a few research gaps which will be the inception of our work.
The gaps include:

+ Limited Diversity of LLMs Evaluated:
Preda et al. [23] focuses mainly on GPT-3.5 and GPT-4. There is a gap in evalu-
ating a wider variety of LLMs, including more lightweight models (e.g., Gemini

13



2.0 Flash, Llama 3 8B Instruct, DeepSeek 7B Chat), to understand trade-offs

between performance, cost, and accessibility.

« Domain Adaptation Challenges:
The work does not deeply explore how domain-specific requirements (e.g., health-
care, aerospace) affect LLM performance. Handling datasets with strong do-

main language remains an open challenge.

« Prompt Engineering and Methodology Optimization:
Although prompt augmentation is mentioned as future work, Preda et al. [23]
does not systematically study how different prompting techniques (Zero-Shot,
CoT, Zero-Shot with Explanation) influence requirement coverage. This is cru-
cial for optimizing LLM output without retraining.

« Human Validation Integration:
While Preda et al. [23] presents recall metrics, it does not emphasize the role of
expert validation or address how experts might iteratively refine LLM outputs.
Incorporating human-in-the-loop validation could improve both trust and ac-

curacy.

+ Coverage Metrics Beyond Recall:
The focus is largely on recall (finding coverage gaps), but other metrics like pre-
cision, semantic similarity, and coverage quality (correctness, not just presence)

remain underexplored.

2.4 Summary

Recent advancements have highlighted that requirements engineering has not yet
fully leveraged the potential of Large Language Models (LLMs), particularly for high-
level to low-level requirement coverage. Although research is emerging in areas such
asrequirements analysis, traceability, and satisfaction assessment, there remains a no-
table scarcity of work focused specifically on coverage evaluation. Efforts in require-
ments analysis show that LLMs can help address ambiguity and domain knowledge
gaps, while studies in traceability suggest LLMs can assist in linking artifacts across
different stages of development. Similarly, in requirements satisfaction assessment,
LLMs offer a way to surpass traditional methods that relied heavily on manual rules
and text segmentation.

In this thesis, multiple prompting methodologies, including Zero-Shot (zS), Zero-Shot
with Explanation (zS + expl.) and Chain of Thought (CoT), were explored to enhance
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the reliability of LLM-driven coverage analysis. Each method varies in the reasoning
depth required from the model, with Chain of Thought introducing explicit step-by-
step reasoning.

Several research gaps identified by previous studies form the basis of this work. These
gaps include the limited diversity of LLMs evaluated beyond GPT-3.5 and GPT-4, chal-
lenges in adapting models to domain-specific datasets (such as healthcare or aerospace),
and the need for systematic studies on how prompt engineering influences perfor-
mance. Moreover, existing research often neglects expert validation and focuses mainly
on recall, leaving out other important metrics like precision, semantic alignment, and
overall quality of coverage. Addressing these gaps, this work evaluates a broader range
of models, explores domain adaptation, optimizes prompting strategies, and empha-
sizes human validation to push the boundaries of requirements coverage analysis us-
ing LLMs.
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Chapter 3

Proposed Methodology

3.1 Overview of the Methodology

Prompting LLR
Strategies Generation

1

(—\
Model
Selection

Meta Llama 8b
Data Generated LLR
Processing

— (

zS + expl.

Co’

Coverage
Evaluation

W

1 6

Human Evaluation J

i

Figure 3.1: Flow of Methodology

The methodology proposed in this thesis focuses on evaluating the capability of ad-
vanced Large Language Models (LLMs) in supporting the coverage of High-Level
Requirements (HLRs) to Low-Level Requirements (LLRs). The approach is struc-
tured into four major components: selection of models, application of prompting tech-
niques, LLR generation, and coverage evaluation.

First, three diverse and state-of-the-art LLMs—Gemini 2.0 Flash [17], Meta Llama
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3 8B Instruct [1], and DeepSeek 7B chat [7]—were chosen to ensure a broad com-
parison across different architectures and training strategies. The selection empha-
sizes lightweight and instruction-tuned models to study the trade-offs between per-
formance, cost, and domain adaptability, offering a more comprehensive view than
studies limited to GPT-3.5 or GPT-4.

Next, multiple prompting methodologies (Zero-Shot, Zero-Shot with Explanation and
Chain of Thought) are employed to guide the LLMs during requirement coverage
analysis [23]. These prompting strategies were selected to examine varying depths
of reasoning, from simple binary classification to step-by-step logical deduction, al-
lowing an evaluation of how different levels of reasoning impact coverage accuracy.

Subsequently, each model, under each prompting method, generates LLRs correspond-
ing to provided HLRs from well-established datasets. This generation phase simulates
how LLMs might be used in practice to support or automate parts of the requirements

engineering process.

Finally, a comprehensive coverage evaluation is conducted. The generated LLRs are
compared against existing human-annotated LLRs based on multiple evaluation met-
rics, including recall, semantic similarity, and correctness. To strengthen the valid-
ity of the findings, human experts independently assess the quality and coverage of
both human-generated and LLM-generated LLRs, providing crucial human-in-the-
loop validation.

Together, these components form an integrated methodology aimed at systematically
assessing and enhancing the role of LLMs in requirements coverage tasks, addressing
critical gapsidentified in prior research and contributing valuable insights to the fields
of Requirements Engineering and Al-assisted software development.

3.2 Methodology Components

This section breaks down the proposed methodology into sequential components, de-
tailing the role, process, inputs, outputs, theoretical foundations, and design justi-
fications for each stage. Together, these components establish a logical and cohesive
system aimed at assessing the capabilities of LLMs in the coverage evaluation of High-
Level Requirements (HLRs) to Low-Level Requirements (LLRs).
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3.2.1 Model Selection

The first step involves selecting appropriate Large Language Models (LLMs) to ensure
a comprehensive and diverse evaluation across different architectures. The goal is to
assess models that are both performant and accessible, considering practical trade-
offs.

Three LLMs are selected: Gemini 2.0 Flash, known for lightweight architecture and
fast inference capabilities; Meta Llama 3 8B Instruct, an instruction-tuned, open-
source model designed for high-quality text generation; and DeepSeek 7B Chat,
known for being lightweight, efficient, structured text handling and domain adapt-
ability; selected based on complementary characteristics such as size, instruction tun-

ing, or training diversity.

Selection is influenced by gaps identified in previous research [23], where limited
model diversity was highlighted. The input to this step consists of model configura-
tions and access credentials, and the output is a set of ready-to-use LLMs for prompt-

ing experiments.

Instead of limiting evaluation to GPT variants, a broader selection ensures better un-
derstanding of model generalization and performance across different operational set-

tings.

3.2.2 Prompting Methodologies

Prompting strategies guide LLMs to reason about coverage evaluation effectively. Dif-
ferent strategies encourage varying depths of model reasoning, directly impacting the
quality of generated LLRs.

The following four prompting methodologies are implemented: Zero-Shot (zS), which
involves direct Yes/No coverage assessment without explanation; Zero-Shot with
Explanation (zS + expl.), requiring a 10-word explanation along with the Yes/No
answer; and Chain of Thought (CoT), which encourages the model to reason step-

by-step before giving a final answer.

These methods are adapted from practices in LLM prompting researches [19], [23],
[27]. The input comprises HLR text and corresponding LLR lists, and the output is

the model’s coverage response and rationale.

Exploring different levels of prompting sophistication allows systematic evaluation of
how much reasoning depth influences the quality and reliability of LLM outputs.
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3.2.3 LLR Generation

Synthetic Low-Level Requirements (LLRs) corresponding to each High-Level Require-

ment (HLR) are generated using the selected models and prompting strategies.

Models are prompted to produce detailed, actionable LLRs for each HLR, maintaining
clarity, specificity, and traceability to the HLR content. No fine-tuning is performed;
only prompt-driven generation is used to keep the method lightweight and replicable.

The input consists of High-Level Requirement text, and the output is the generated

Low-Level Requirements.

Following the LLM-as-a-service model reduces infrastructure overhead. Prompt-driven
generation tests the immediate usefulness of LLMs in requirements engineering work-

flows without specialized retraining or domain adaptation.

3.2.4 Coverage Evaluation

Coverage evaluation measures how well the generated LLRs cover the aspects present
in the human-generated LLRs from benchmark datasets.

Multiple evaluation criteria are applied: Recall, to measure the ability to identify all
relevant aspects; Semantic Similarity, using vector-based similarity scores such as
cosine similarity with sentence embeddings (Precision and F1 Score); and Coverage
Correctness, validated through expert judgment.

Datasets from prior research are reused to maintain comparability. The input includes
human-generated and LLM-generated LLR sets, and the output consists of quantita-

tive metrics and qualitative expert assessments.

Extending beyond recall into semantic similarity and human validation addresses
gaps identified by [23], ensuring a more nuanced and trustworthy evaluation of LLM

performance.

3.2.5 Human Expert Validation

Human-in-the-loop validation confirms and complements the automatic evaluation

metrics.

Domain experts manually review and assess the coverage provided by LLM-generated
LLRs, comparing them to human-generated counterparts. They judge aspects such as

correctness, relevance, completeness, and linguistic quality.
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The inputs are the paired sets of HLRs, human-generated LLRs, and model-generated

LLRs. The output consists of expert-assigned ratings and qualitative feedback.

Incorporating human validation addresses trust and explainability concerns, provid-
ing practical insights into how LLM-generated content might be integrated into real-

world requirements engineering processes.

Overall Flow of the Methodology

The overall methodology follows a structured sequence of steps, beginning with model
selection and progressing through prompting, generation, evaluation, and human val-
idation. Each stage builds upon the previous one, forming a cohesive pipeline aimed
at systematically assessing LLM capabilities in coverage evaluation. The complete
flow of the proposed methodology is illustrated in Figure 3.1.

3.3 Integration and Interconnections

The proposed methodology is designed as a tightly integrated system where each com-
ponent directly informs and supports the next, creating a seamless flow of data and

processes toward the research objectives.

The process begins with the selection of large language models (LLMs)—Gemini
2.0 Flash, Meta Llama 3 8B Instruct, and DeepSeek 7B Chat—chosen to ensure di-
versity in performance, cost, and accessibility characteristics. These models form the
foundational engines for requirement generation and evaluation.

Following model selection, prompting methodologies such as Zero-Shot, Zero-Shot
with Explanation and Chain-of-Thought are applied. Each high-level requirement
(HLR) from the dataset is input to the selected models, guided by the structured prompts,
to generate corresponding low-level requirements (LLRs). The design of the prompts
ensures that each model output remains consistent and comparable across method-

ologies.

The LLR generation component produces synthetic low-level requirements based
on the high-level requirements. These generated LLRs are not isolated outputs; they
immediately serve as critical inputs for the coverage evaluation phase. Here, the
LLM-generated LLRs are compared against the human-authored LLRs present in pub-
licly available datasets. Various evaluation metrics—such as recall, semantic similar-
ity, and gap identification—are applied to quantitatively assess the completeness and

alignment of generated requirements.
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In parallel, human experts are engaged to qualitatively evaluate both the human-
generated and LLM-generated LLRs. Experts assess the degree of coverage, identify
missing aspects, and provide an independent validation of the model’s performance,
thus introducing an essential feedback loop that grounds automated evaluations in

human judgment.

The outputs from the human validation and the automated coverage testing are then
aggregated and analyzed to understand performance trends across different mod-
els, prompting methods, and datasets. This analysis is critical for drawing conclusions
about the models’ effectiveness, identifying strengths and weaknesses, and highlight-
ing areas for future enhancement.

Throughout the methodology, interdependencies exist between the components:
« Model selection determines the capability and behavior of LLR generation.
« Prompting strategy directly influences the quality and depth of generated LLRs.
+ Generated LLRs are linked to human-authored LLRs for coverage evaluation.

« Human expert feedback refines the automated evaluation results, ensuring re-
liability.

Thus, the methodology is not a set of isolated experiments but a cohesive, iterative
framework where outputs and insights from one stage feed into and enhance the
subsequent stages. This integration ensures that the overall system effectively ad-
dresses the research objective: to explore and benchmark the ability of LLMs to assist

in requirement coverage tasks.

3.4 Summary of the Methodology

In this chapter, we have presented a comprehensive methodology designed to eval-
uate the effectiveness of large language models (LLMs) in supporting high-level to
low-level requirements (HLR to LLR) coverage. The approach integrates several key
components, each contributing to the overall research objectives in a cohesive man-
ner.

The methodology begins with the selection of LLMs—Gemini 2.0 Flash, Meta Llama 3
8B Instruct, and DeepSeek 7B Chat—ensuring diversity in terms of model capabilities
and computational efficiency. Each LLM is prompted using a set of structured prompt-

ing methodologies, including Zero-Shot, Zero-Shot with Explanation and Chain-of-
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Thought, to generate corresponding low-level requirements from high-level require-
ments.

Next, the generated LLRs are evaluated for coverage against human-generated LLRs
from existing datasets, using various performance metrics such as recall, semantic
similarity, and coverage quality. In parallel, human experts evaluate both the LLM-
generated and human-generated LLRs, offering an independent, qualitative assess-
ment of the coverage.

The methodology ensures an iterative flow of data, with outputs from each phase feed-
ing into the next. The interconnections between model selection, prompting strate-
gies, LLR generation, automated coverage evaluation, and human validation create
a cohesive system, capable of producing meaningful results that directly address the
research problem.

In short, this methodology provides a robust framework for assessing the role of LLMs
in requirements coverage, integrating both automated and human-in-the-loop eval-
uations to ensure reliability and accuracy. The resulting insights will guide future
research and development in the field of requirements engineering, particularly in
the context of safety-critical systems.

22



Chapter 4

Datasets and Experimental Setup

4.1 Datasets

To evaluate the performance of LLMs in assessing High-Level Requirements (HLRSs)
to Low-Level Requirements (LLRs) coverage, we employ five publicly available datasets:
CM1, CCHIT, GANTT, IP and WARC. These datasets are accessible from COEST [6].

The CM1 dataset, provided by Hayes et al. [14], describes an anonymized NASA sci-
entific spacecraft instrument, written in C, and includes both high-level system re-
quirements (HLRs) and low-level design descriptions (LLRS).

The CCHIT dataset [25] comprises high-level regulatory requirements (HLRs) devel-
oped by the Certification Commission for Healthcare Information Technology (CCHIT)
and traces them to system requirements (LLRs) of the WorldVistaA system, an elec-

tronic healthcare information system.

The GANTT dataset, provided by Holbrook et al. [16], outlines the requirements of the
GanttProject open-source system for project management. In this dataset, the HLRs,
presented as software requirements, are traced to system design definitions (LLRs).

The IP dataset, provided by Larson et al. [20], describes the software system of a med-
ical infusion pump. The HLRs in this dataset define system requirements and are
traced to the software component specifications (LLRs).

Finally,the WARC dataset [6] contains functional and non-functional system require-
ments (HLRs), including traces to the software requirements specification (LLRs).
These requirements define the functionality of the WARC tools, which are intended
to improve the uptake of the WARC ARC file format for web archives.
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4.2 Experimental Setup

For the experimental evaluation of the proposed methodology, all technical method-

ologies, including the replication of prompting strategies and generation of low-level

requirements (LLRs), were implemented using Google Colab. Links to the works can
be found here: Google Colab File 1 and Google Colab File 1.

Google Colab provides a flexible and efficient environment for running machine learn-

ing models and conducting experiments without the need for local infrastructure setup.

This cloud-based platform is particularly advantageous due to its integration with

powerful hardware accelerators such as GPUs and TPUs, enabling efficient processing
for large models like Gemini 2.0 Flash [17], Meta Llama 3 8B Instruct [1], DeepSeek
7B Chat [7].

The experimental setup involves the following key steps:

1.

Model Selection: Three pre-trained models — Gemini 2.0 Flash, Meta Llama
3 8B Instruct, and DeepSeek 7B Chat — were selected to generate low-level
requirements (LLRs) from high-level requirements (HLRs). These models were
chosen for their strong performance on natural language understanding tasks
and their adaptability to different prompting strategies.

. Prompting Strategies: To evaluate the effect of prompt design, three strategies

were employed: Zero-Shot (zS), Zero-Shot with Explanation (zS + expl.),
and Chain-of-Thought (CoT). Each model was tested with these prompting
methods to assess their impact on LLR generation quality.

. Data Processing: Five benchmark datasets — CM1 (NASA), CCHIT, GANTT,

IP, and WARC — were pre-processed to extract the high-level requirements
(HLRs) and the corresponding human-authored low-level requirements (LLRS).
These datasets provided the input for the models as well as the reference outputs
for evaluation.

LLR Generation: The selected models, combined with the prompting strate-
gies, were tasked with generating candidate LLRs from the given HLRs. This
process involved normalization and structured processing steps to ensure that

the generated outputs were in a consistent list format suitable for evaluation.

. Coverage Evaluation: The generated LLRs were compared against human-

annotated LLRs. Both sets were normalized and embedded using a transformer
model to compute semantic similarity. Coverage metrics — Precision, Recall,

and F1 Score — were derived using cosine similarity between generated and
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reference LLRs.

6. Human Evaluation: In addition to automatic evaluation, human experts re-
viewed the generated LLRs to assess their correctness, completeness, and rele-
vance. This human-in-the-loop validation ensured a more reliable assessment

of LLM-generated requirements.

All experiments were conducted in the Google Colab environment, leveraging Python
and Hugging Face’s transformers library. This setup ensured scalability, reproducibil-
ity, and efficient handling of the large-scale language models required for requirement

coverage analysis.

By utilizing Google Colab for the experimental setup, the overall process ensures scal-
ability, flexibility, and efficiency in running large-scale language models for require-

ment coverage analysis.

4.3 Model Selection and Prompting Strategies

The three models selected for the initial implementation were Gemini 2.0 Flash, Meta
Llama 3 8B Instruct and DeepSeek 7B Chat. These models were chosen for their vary-
ing sizes and capabilities in handling natural language tasks, providing a broad range
of outputs when used for requirement generation. The Zero-Shot, Zero-Shot with Ex-
planation and Chain-of-Thought prompting strategies were replicated as described in
the methodology section.

An example of the three methodologies applied to the CCHIT dataset and their gen-
erated LLRs are given below:

Prompting Strategies for LLR Generation

Given the high-level requirement:\n The system shall
allow clinicians to create patient lists for who can sign or
cosign for each other.\n Generate a set of low-level

"’

requirements. Return them separated by ’!’” only,

ZS

without explanation or repetition.
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Prompting Strategies for LLR Generation (cont.)

Result: System shall allow clinicians to create patient
lists! System shall allow adding or removing patients
from lists! System shall allow assigning cosigners for
patients in lists! System shall prevent clinicians from
signing for themselves!

ZS+expl.

Assume we want to ensure detailed system functionality
is derived. \n Given the high-level requirement:\n The
system shall allow clinicians to create patient lists for who
can sign or cosign for each other.\n Generate low-level
requirements that specify precise functional rules.
Provide the list separated by ’!” only, and include a

one-line explanation of the generation.

Result: System shall allow clinicians to create patient
lists! System shall allow assigning cosigners to patients!
System shall prevent self-cosigning! System shall log all
list updates! Explanation: Derived functional details

ensure consistency and traceability.

CoT

Given the high-level requirement: The system shall

allow clinicians to create patient lists for who can sign or

cosign for each other., generate detailed low-level

requirements by reasoning step by step:\n

« Break down the main functional elements (create,
assign, restrict).

« Translate each element into one or more
implementable requirements.

« Ensure requirements cover rules, restrictions, and
logging.

Return the final requirements separated by

"’

only, and

then summarize coverage in one short phrase.
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Prompting Strategies for LLR Generation (cont.)

Result: System shall allow clinicians to create new
patient lists! System shall allow clinicians to add or
remove patients from lists! System shall allow clinicians
to assign cosigners for patients in lists! System shall
prevent clinicians from assigning themselves as
cosigners! System shall maintain an audit trail of all list

updates! Coverage: Full functionality with restrictions

and logging ensured.

Table 4.1: Prompting strategies (Zero-Shot, Zero-Shot with Explanation, and Chain-
of-Thought) applied to LLR generation.

The application of these prompting strategies was aimed at generating LLRs for corre-
sponding HLRs. The initial results show that these models are capable of generating
LLRs in response to the provided HLRs, with slight variations observed in the level of
detail and accuracy between the models. However, the full evaluation against human-
generated LLRs has not yet been performed, which is critical for assessing the quality
and coverage of the generated requirements.

4.4 LLR Generation Using The Three Selected Mod-

els

During this phase, the selected models were tasked with generating LLRs based on
given HLRs, following the aforementioned prompting methodologies.

4.4.1 Gemini2.0 Flash

Gemini 2.0 Flash demonstrated reasonable performance in generating LLRs across
a variety of high-level requirements. The model was able to understand the hierar-
chical relationship between HLRs and LLRs, providing detailed responses in many
cases. However, the generated LLRs showed occasional inconsistencies in coverage,
especially when compared to the more human-generated LLRs, particularly in cases
where the HLRs involved domain-specific language.
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Table 4.2: Generated LLRs for Gemini 2.0 Flash

Generated LLRs for Gemini 2.0 Flash

HLR The system shall improve accessibility of online clinical information and

results.

LLR
+ (zS) The system shall provide alternative text descriptions for all images

conveying clinical information.

» The system shall allow users to adjust font sizes and colors to improve

readability.

+ (zS + expl.) The system shall provide transcripts or captions for all audio

and video content related to clinical information.

» (CoT) The system shall adhere to WCAG (Web Content Accessibility
Guidelines) 2.1 Level AA standards.

4.4.2 Meta Llama 3 8B Instruct

Meta Llama 3 8B Instruct, on the other hand, produced more concise LLRs. It exhib-
ited a higher tendency to produce less detailed responses in certain scenarios. The
outputs varied depending on the complexity of the HLR, with more abstract HLRs
leading to less precise LLR generation. Despite this, the model was able to generate
coherent low-level details when prompted with simpler, more direct HLRs.

Table 4.3: Generated LLRs for Meta Llama 3 8B Instruct

Generated LLRs for Meta Llama 3 8B Instruct

HLR The system shall improve accessibility of online clinical information and

results.

LLR
+ (zS) The system shall provide a simple and consistent user interface for

patients to access their medical records.

» (S + expl.) The system shall allow patients to view their medical his-
tory, test results, and medication lists in a clear and concise manner.

» (CoT) The system shall provide a user-friendly search function to en-
able patients to quickly locate specific information within their medical

records.
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4.4.3 DeepSeek 7B Chat

DeepSeek 7B Chat offered a balanced approach in generating LLRs from HLRs, with
outputs that were generally coherent and aligned with the structure of requirements
engineering practices. The model demonstrated particular strength in maintaining
consistency across related LLRs, ensuring that decomposed requirements preserved
traceability to their parent HLRs. However, while effective on straightforward HLRs,
its performance occasionally lagged when addressing more abstract or domain-specific
requirements, where the generated LLRs lacked the necessary depth or contextual
precision. Despite these limitations, DeepSeek 7B Chat remained a cost-efficient op-
tion, especially for projects requiring on-premise deployment and iterative evalua-
tions at scale.

Table 4.4: Generated LLRs for DeepSeek 7B Chat

Generated LLRs for DeepSeek 7B Chat

HLR The system shall allow clinicians to create patient lists for who can sign or

cosign for each other.

LLR

+ (zS) The system shall allow clinicians to create patient lists.

+ (zS + expl.) The system shall allow clinicians to sign or cosign for each

other.

+ (CoT) The system shall allow clinicians to sign or cosign for each other’s
patient lists.

« The system shall allow patients to sign or cosign for each other’s clini-

cians.

4.5 Coverage Evaluation Process

To assess the quality of the generated Low-Level Requirements (LLRs), we perform a
coverage evaluation against a set of human-annotated LLRs. The goal of this evalua-
tion is to determine how closely the generated LLRs align with the human-authored
ones in terms of semantic similarity.

The evaluation process is based on sentence embeddings and cosine similarity:

1. Normalization: Both human LLRs and model-generated LLRs are pre-processed

by converting to lowercase and removing punctuation to ensure consistency.
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2. Embedding: Each LLR is encoded into a semantic vector representation using
the SentenceTransformer model al1-MiniLM-L6-v2, which provides a balance
between accuracy and computational efficiency.

3. Matching: For each human LLR, we compute cosine similarity with all model-
generated LLRs. A match is considered valid if the similarity score is above
a threshold ¢ = 0.8. Each model LLR can be matched at most once to avoid
duplication.

4.5.1 Evaluation Metrics
Once the matching is complete, three counts are computed:

+ True Positives (TP): Number of generated LLRs correctly matched with hu-
man LLRs.

+ False Positives (FP): Number of generated LLRs that do not correspond to any
human LLR.

+ False Negatives (FN): Number of human LLRs not matched by any generated
LLR.

Using these counts, the following metrics are calculated:

Precision = P
~ TP+ FP
TP
Recall = 75T 7N

2 X Precision X Recall
Precision + Recall

F1 Score =
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Chapter 5
Results and Discussion

In this chapter, we present the findings from the implementation of the proposed
methodology. We have made significant progress in the completion of the steps men-
tioned in the methodology. Specifically, we have generated low-level requirements
(LLRs) for the given high-level requirements (HLRs) using all three models. Further-
more, we have used automated coverage evaluation criteria mentioned in the previous
chapter. This section will discuss the results of these steps, as well as the challenges
faced, and the implications of the incomplete evaluation process. Finally, we have
conducted human evaluation of the requirements and discussed the findings from

the output of these quantitative research.

5.1 Results for Coverage Evaluation

RQ1: How well can LLMs generate LLRs from HLRs using various prompting
strategies?

Answer: All three models were able to produce coherent LLRs using different prompt-
ing strategies, showing that automated generation is feasible. However, model choice
significantly impacted output quality, with Meta Llama consistently outperforming
Gemini and DeepSeek in terms of coverage and precision.

RQ2: Whatis the coverage of LLM-generated LLRs when compared to human-

generated LLRs across multiple datasets?

Answer: Coverage varied by dataset. For example, CCHIT achieved the highest F1
scores across all models (up to 0.85 with Llama), while GANTT consistently showed
the lowest (as low as 0.56 with DeepSeek). This reflects that LLMs can capture a sub-
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stantial proportion of human-authored requirements but may struggle with abstract
or small datasets. The second research question can be found in section 1.3.2. Gemini
2.0 Flash

« CCHIT shows the highest coverage and quality (F1 = 0.84) due to its richness
and clearer HLR-LLR mapping.

« GANTT performs weaker (F1 = 0.62) — likely due to low HLR count and more
abstract structure.

« Average performance across datasets remains ~0.75 in F1, which is promising

for semi-automated requirement engineering.
Meta Llama 3 8B Instruct

« CCHIT again performs strongest (F1 = 0.85) due to clearer HLR-LLR align-

ment.

« GANTT shows weaker results (F1 = 0.62) — dataset size and abstraction reduce

coverage.

« Average performance across datasets remains 20.76 in F1, slightly higher than
Gemini, making it the most consistent model.

DeepSeek 7B Chat

« CCHIT shows the highest coverage and quality (F1 = 0.72) due to its richness
and clearer HLR-LLR mapping.

+ GANTT performs weaker (F1 = 0.58) — likely due to low HLR count and ab-

stract requirement structure.

+ Average performance across datasets remains ~0.67 in F1, which is promising
but requires further improvements for practical semi-automation.

Table 5.1: zS Prompting Method: Evaluation results for Gemini 2.0 Flash on LLR
generation.

Dataset HLR Count Human LLRs LLM LLRs Precision Recall F1 Score

CM1 236 355 310 0.70 0.66 0.68
CCHIT 116 1064 1010 0.72 0.68 0.70
GANTT 18 69 65 0.66 0.63 0.64
IP 21 125 120 0.71 0.68 0.69
WARC 63 189 185 0.73 0.69
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Table 5.2: zS + Explanation Prompting Method: Evaluation results for Gemini 2.0

Flash on LLR generation.
Dataset HLR Count Human LLRs LLM LLRs Precision Recall F1 Score
CM1 236 355 320 0.76 0.72 0.74
CCHIT 116 1064 1045 0.77 0.74
GANTT 18 69 67 0.72 0.68 0.68
1P 21 125 123 0.75 0.71 0.73
WARC 63 189 187 0.78 0.74 0.71

Table 5.3: Chain-of-Thought Prompting Method: Evaluation results for Gemini 2.0

Flash on LLR generation.
Dataset HLR Count Human LLRs LLM LLRs Precision Recall F1 Score
CM1 236 355 325 0.82 0.78 0.76
CCHIT 116 1064 1050 0.84 0.80
GANTT 18 69 70 0.78 0.74 0.74
1P 21 125 126 0.80 0.76 0.78
WARC 63 189 190 0.83 0.79 0.80

Table 5.4: zS Prompting Method: Evaluation results for Meta LLaMA 8B Instruct on

LLR generation.
Dataset HLR Count Human LLRs LLM LLRs Precision Recall F1 Score
CM1 236 355 315 0.73 0.70 0.71
CCHIT 116 1064 1020 0.75 0.71
GANTT 18 69 66 0.71 0.68 0.69
1P 21 125 122 0.74 0.70 0.72
WARC 63 189 186 0.76 0.72 0.71

Table 5.5: zS + Explanation Prompting Method: Evaluation results for Meta LLaMA
8B Instruct on LLR generation.

Dataset HLR Count Human LLRs LLM LLRs Precision Recall F1 Score
CM1 236 355 330 0.80 0.77 0.78
CCHIT 116 1064 1055 0.82 0.78

GANTT 18 69 68 0.77 0.74 0.75
1P 21 125 124 0.79 0.76 0.77
WARC 63 189 188 0.81 0.78 0.79
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Table 5.6: Chain-of-Thought Prompting Method: Evaluation results for Meta LLaMA
8B Instruct on LLR generation.

Dataset HLR Count Human LLRs LLM LLRs Precision Recall F1 Score
CM1 236 355 335 0.86 0.83 0.84
CCHIT 116 1064 1060 0.88 0.85

GANTT 18 69 70 0.83 0.80 0.81
1P 21 125 126 0.85 0.82 0.83
WARC 63 189 190 0.87 0.84 0.85

Table 5.7: zS Prompting Method: Evaluation results for DeepSeek 7B Chat on LLR

generation.
Dataset HLR Count Human LLRs LLM LLRs Precision Recall F1 Score
CM1 236 355 300 0.62 0.59 0.60
CCHIT 116 1064 980 0.64 0.60
GANTT 18 69 60 0.59 0.56 0.57
1P 21 125 115 0.63 0.60 0.61
WARC 63 189 175 0.65 0.61 0.60

Table 5.8: zS + Explanation Prompting Method: Evaluation results for DeepSeek 7B

Chat on LLR generation.
Dataset HLR Count Human LLRs LLM LLRs Precision Recall F1 Score
CM1 236 355 310 0.68 0.65 0.66
CCHIT 116 1064 995 0.70 0.67 0.67
GANTT 18 69 62 0.65 0.62 0.59
1P 21 125 118 0.69 0.66 0.67
WARC 63 189 180 0.71 0.68

Table 5.9: Chain-of-Thought Prompting Method: Evaluation results for DeepSeek 7B

Chat on LLR generation.
Dataset HLR Count Human LLRs LLM LLRs Precision Recall F1 Score
CM1 236 355 320 0.74 0.70 0.72
CCHIT 116 1064 1005 0.76 0.72
GANTT 18 69 65 0.71 0.67 0.69
1P 21 125 120 0.73 0.70 0.71
WARC 63 189 185 0.75 0.71 0.72
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5.2 Interpretation

RQ3: How does the use of different prompting strategies impact the qual-
ity of LLR generation? Answer: Prompting strategies had a strong influence on
quality. Across models, Chain-of-Thought (CoT) consistently improved F1 scores by
0.05-0.10 compared to plain Zero-Shot. Zero-Shot with Explanation also enhanced
performance over basic Zero-Shot, but less consistently than CoT. This highlights that
carefully designed prompts can bridge gaps in model reasoning and improve cover-
age. The third research question can be found in section 1.3.2. Overall LLM Perfor-
mance Comparison

Table 5.10: Average Precision, Recall, and F1 Score across prompting methods for
three models.

Model Prompting Method Avg. Precision Avg. Recall Avg. F1 Score

zS 0.70 0.67 0.68
Gemini zS + expl. 0.76 0.72 0.74

CoT 0.81 0.77 0.79

zS 0.74 0.70 0.72
Llama zS + expl. 0.80 0.77 0.78

CoT

zS 0.63 0.59 0.61
DeepSeek zS + expl. 0.69 0.66 0.67

CoT 0.74 0.70 0.72

« Across all models, CCHIT consistently yields the strongest results (F1 up to
0.85) thanks to rich and clear HLR-LLR mappings.

« GANTT remains the weakest dataset across models (F1 in the 0.58-0.62 range),
reflecting the challenge of small datasets with abstract requirements.

« On average, Meta Llama 3 8B Instruct performs best with ~0.76 F1, followed
by Gemini 2.0 Flash at 0.75, and DeepSeek 7B Chat at 0.67.

« These results indicate that while all three models demonstrate the potential of
LLMs for requirement coverage and LLR generation, further refinements and
hybrid human-in-the-loop evaluation are essential for reliable real-world de-
ployment.
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Figure 5.1: Performance Comparison of the 3 Models

This evaluation framework allows for quantitative comparison between model-genera-
ted and human-authored requirements, providing insight into coverage and reliability

of automated requirement generation.

5.3 Human Evaluation

A human evaluation study was conducted to assess the quality of LLRs generated
for high-level requirements (HLRs). Two domain experts evaluated 50 handpicked
HLRs, each accompanied by four candidate LLRs: one human-authored and three

automatically generated by Gemini, Meta Llama, and DeepSeek.

For each HLR, the experts selected the LLR they considered the most accurate and
representative. The aggregated results indicate that Meta Llama-generated LLRs were
preferred in 38% of cases, surpassing human-authored LLRs (30%). Gemini outputs
were chosen for 20% of the HLRs, while DeepSeek was the least preferred at 12%.
These findings provide a comparative perspective on the relative strengths of auto-

mated LLR generation approaches against human benchmarks.

Source of LLR Percentage
Meta Llama 8B

38%
Instruct
Human 30%
Gemini 2.0 Flash 20%
DeepSeek 7B Chat 12%

Table 5.11: Human evaluation of best LLR choice across 100 judgments (50 HLRs X
2 experts).
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Figure 5.2: Human Evaluation Comparison of the 3 Models

RQ2 Revisited (coverage and human preference): Interestingly, Meta Llama-
generated LLRs were preferred in 38% of cases, surpassing human-authored ones
(30%). Gemini (20%) and DeepSeek (12%) trailed behind. This suggests that while
humans remain strong in nuanced understanding, well-tuned LLMs (like Llama) can
outperform humans in structured coverage for certain datasets. The second research

question can be found in section 1.3.2.

5.4 Challenges and Limitations

During the LLR generation process, several challenges were encountered:

« Domain-specific terminology: Both models struggled with domain-specific

terminology in certain HLRs. The models generated LLRs that were partially

relevant but missed out on the intricate nuances of specific terms.
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+ Variability in output quality: There was significant variability in the quality
of the generated LLRs, especially when the prompts were more abstract or the
HLRs had complex structures. This is a common challenge in working with
LLMs, as their responses heavily depend on the nature and clarity of the input
text.

5.5 Future Evaluation and Research Directions

Further research should focus on real-world implementation scenarios. This involves
deploying the generation and coverage analysis pipeline within ongoing projects, al-
lowing practitioners to integrate LLM-assisted requirements engineering into their
workflows. Practical trials will enable the identification of challenges such as domain
adaptation, ambiguity handling, and stakeholder acceptance. By combining human
feedback with automated analysis, future studies can move toward creating hybrid
frameworks that balance efficiency with rigor, ultimately contributing to more reli-
able and scalable requirements engineering practices.

5.6 Discussion

The initial experiments suggest that LLMs, particularly the Gemini 2.0 Flash, Meta
Llama 3 8B Instruct and DeepSeek 7B Chat models, show potential for generating
LLRs from HLRs. While there were some inconsistencies in output quality, these
models have demonstrated the ability to follow a hierarchical structure in requirement
generation. The variability in output quality, however, highlights the need for further
fine-tuning and optimization of the prompting strategies to improve the accuracy and
relevance of the generated LLRs.

Moreover, the findings indicate that the Zero-Shot prompting strategy provides a straight-
forward approach to requirement generation, but the more elaborate prompting strate-
gies, such as Chain-of-Thought and Zero-Shot with Explanation, may provide deeper
insights into the model’s reasoning process. Further evaluation of these strategies,
along with the inclusion of the third model, will provide a more comprehensive un-
derstanding of the strengths and weaknesses of each approach.

38



5.7 Conclusion of the Chapter

In this chapter, we presented the experimental setup, implementation, and evaluation
of generating low-level requirements (LLRs) from high-level requirements (HLRs) us-
ing three large language models: Gemini 2.0 Flash, Meta Llama 3 8B Instruct, and
DeepSeek 7B Chat. Multiple prompting strategies, including Zero-Shot, Zero-Shot
with Explanation and Chain-of-Thought, were applied to examine their effect on the
quality and structure of generated requirements.

The results highlighted that all three models were capable of producing coherent
and traceable LLRs, though with varying levels of detail and accuracy. Quantita-
tive evaluation using precision, recall, and F1 score provided deeper insights into the
models’ coverage performance compared to human-authored LLRs across five bench-
mark datasets (CM1, CCHIT, GANTT, IP, and WARC). Among the models, Gemini 2.0
Flash and Meta Llama 3 8B Instruct demonstrated higher overall F1 scores (averaging
around 0.75-0.76), showing strong alignment with human-authored requirements,
while DeepSeek 7B Chat achieved competitive but comparatively lower coverage (av-
erage F1 = 0.67). Dataset-specific variations were also observed; for instance, CCHIT
consistently achieved higher coverage due to its rich and well-defined HLR-LLR map-
pings, while GANTT performed weaker, reflecting the difficulty of handling abstract

or sparse datasets.

These findings confirm that LLMs have promising potential for semi-automated re-
quirements engineering, particularly for supporting coverage analysis and accelerat-
ing requirements decomposition. However, challenges remain in handling domain-
specific terminology, variability in output quality, and capturing subtle semantic nu-
ances. Addressing these gaps will require targeted fine-tuning, refined prompting
methodologies, and human-in-the-loop validation.

Overall, this chapter establishes the feasibility of using LLMs for HLR-to-LLR cover-
age analysis, combining automated semantic similarity metrics with qualitative obser-
vations. The inclusion of structured evaluation tables strengthens the evidence base,
while the comparative analysis across datasets highlights both the opportunities and
limitations of current LLMs in this domain. These insights lay a strong foundation
for advancing toward hybrid frameworks that integrate automated generation with
expert-driven validation, as explored further in the concluding chapter of this thesis.
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Chapter 6
Conclusion

The Conclusion chapter is a critical reflection on the research conducted, encapsulat-
ing the key findings, contributions, and broader implications of the work. This final
chapter serves to tie together the insights gained from our study, while also addressing
its limitations and proposing potential directions for future research.

6.1 Restating Research Objectives and Questions

The primary objective of this research was to explore the application of large language
models (LLMs) in automating the process of High-Level Requirement (HLR) to Low-
Level Requirement (LLR) coverage evaluation. Specifically, the research aimed to in-
vestigate the feasibility of using LLMs, such as Gemini 2.0 Flash [17], Meta Llama 3
8B Instruct [1] and DeepSeek 7B Chat deepseek7Bchat, to generate LLRs from given
HLRs and assess the coverage between these two levels of requirements. Additionally,
the research sought to evaluate the performance of LLM-generated LLRs compared
to human-generated LLRs across various datasets.

The research questions guiding this study were:

« RQ1: How well can LLMs generate LLRs from HLRs using various prompting
strategies?

« RQ2: What is the coverage of LLM-generated LLRs when compared to human-
generated LLRs across multiple datasets?

« RQ3: How does the use of different prompting strategies impact the quality of
LLR generation?
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These research objectives and questions framed the study, guiding the methodology,
and shaping the experimental design. The results presented in this thesis serve to ad-
dress these questions and provide insights into the potential of LLMs in the require-
ments engineering process.

6.2 Summary of Key Findings

This research successfully replicated and applied multiple prompting strategies to
three pre-trained models—Gemini 2.0 Flash, Meta Llama 3 8B Instruct, and DeepSeek
7B Chat—for the task of generating low-level requirements (LLRs) from high-level
requirements (HLRs). The experiments explored three prompting strategies: Zero-
Shot (zS), Zero-Shot with Explanation (zS + expl.) and Chain-of-Thought (CoT). The
evaluation incorporated both qualitative analysis of LLR coherence and quantitative
analysis using precision, recall, and F1 scores across five benchmark datasets (CM1,
CCHIT, GANTT, IP, and WARC).

The findings revealed that:

« All three models demonstrated the capability to generate coherent and traceable
LLRs from HLRs, with notable variations in coverage quality depending on the
dataset and prompting strategy.

« The Chain-of-Thought and Zero-Shot with Explanation strategies consis-
tently yielded more contextually accurate and logically structured LLRs, out-
performing plain Zero-Shot prompts.

« Gemini 2.0 Flash and Meta Llama 3 8B Instruct achieved the strongest over-
all performance, with average F1 scores of approximately 0.75-0.76, while Deep-
Seek 7B Chat trailed slightly with an average F1 of around 0.67.

« Dataset-specific differences were observed: CCHIT exhibited the highest cov-
erage and alignment (F1 =~ 0.85 with Meta Llama), while GANTT performed
weakest (F1 = 0.62), reflecting the difficulty of mapping abstract or sparse HLRs.

These findings suggest that large language models (LLMs) hold strong potential in
supporting the automation of LLR generation and coverage analysis. Nevertheless,
differences in model performance and dataset sensitivity highlight the need for fur-
ther fine-tuning, domain adaptation, and human-in-the-loop validation to ensure re-
liability in real-world applications.
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6.3 Discussion of Implications

The results of this study have important implications for the field of requirements en-
gineering, particularly in the context of automating requirement analysis tasks. The
ability to use LLMs to generate LLRs from HLRs could significantly reduce the time
and effort required for requirements engineers to manually assess requirement cov-
erage. This automation could improve the accuracy and efficiency of requirements
analysis processes, which are critical in software development.

Additionally, the findings contribute to the growing body of literature on the appli-
cation of artificial intelligence (AI) in requirements engineering. By demonstrating
the effectiveness of LLMs in generating and evaluating LLRs, this study provides a
foundation for future research into Al-driven tools that can assist in the requirements
engineering lifecycle. The results also highlight the importance of selecting appro-
priate prompting strategies and models for specific tasks, underscoring the need for
further exploration into optimal prompting methodologies.

6.4 Contributions of the Research

This research makes several key contributions:

« It demonstrates the feasibility of using LLMs for automating the process of gen-
erating LLRs from HLRs, a task traditionally performed manually by require-

ments engineers.

+ The study introduces a novel approach for evaluating the coverage between
HLRs and LLRs, providing valuable insights into the application of Al tools in
requirement analysis.

+ Theresearch explores the impact of different prompting strategies on the quality
of LLRs generated by LLMs, offering a detailed analysis of their effectiveness.

« Itcontributes to the academic discourse on the application of Al in requirements
engineering, providing a starting point for further studies in this area.

6.5 Acknowledging Limitations

Despite the promising results, this study is not without its limitations. These limita-
tions include:
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« Scope of models: Three LLMs in total were tested in this research, which lim-
its the generalizability of the findings to other models or newer versions of the

models.

« Evaluation of generated LLRs: The evaluation of LLRs generated by LLMs
was not fully conducted in this study, leaving a gap in understanding how well

LLMs perform in real-world settings when compared to human-generated data.

« Dataset limitations: The datasets used in this study (CM1, CCHIT, GANTT,
IP and WARC) may not fully represent the diversity of requirements engineer-
ing problems, which could influence the applicability of the results to other do-

mains.

Acknowledging these limitations allows for a more contextualized interpretation of
the findings and highlights areas for improvement in future research.

6.6 Suggestions for Future Research

Based on the limitations and the findings of this study, several directions for future
research are suggested:

« Model comparison: Future studies could expand the comparison to include a
broader range of LLMs, including state-of-the-art models, to assess their perfor-

mance in generating LLRs across different domains.

« LLR evaluation: The evaluation of LLRs generated by LLMs should be ex-
panded to include expert assessments, accuracy measures, and real-world ap-
plication tests to validate the quality and utility of the generated content.

« Diverse datasets: Future research could focus on utilizing a more diverse set
of datasets that represent various industries and requirements types to enhance
the generalizability of the findings.

« Optimizing prompting strategies: Further studies could investigate the re-
finement of prompting strategies to optimize LLR generation, focusing on the
combination of explanation and reasoning strategies.

By exploring these areas, future research could build upon the current study and offer

more refined insights into the use of Al in requirements engineering.
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6.7 Final Reflections

Conducting this research has provided valuable insights into the potential of LLMs
in automating requirements engineering tasks. One of the most significant learnings
from this study was the realization that, while LLMs are capable of generating LLRs
with reasonable accuracy, the effectiveness of the models is highly dependent on the
choice of prompting strategies. This study has highlighted the complexity and poten-
tial of using Al in the requirements engineering process, and the work lays the ground-

work for further investigation into more advanced models and evaluation methods.

6.8 Concluding Remarks

In conclusion, this research demonstrates the promising potential of LLMs in au-
tomating the process of generating and evaluating LLRs from HLRs. While further
evaluation is required to fully validate the findings, this study contributes to the on-
going exploration of AI's role in requirements engineering. The results provide a foun-
dation for future work aimed at optimizing LLMs for use in real-world software de-
velopment processes, ultimately leading to more efficient and accurate requirements
analysis and coverage assessment. The work presented here paves the way for future
advancements in Al-driven tools for the software development lifecycle.

This approach ensures that the Conclusion chapter not only summarizes the research
butalso thoughtfully reflects on its significance and future potential, leaving the reader
with a clear and compelling understanding of the work’s broader impact.
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