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Abstract

Requirements decomposition in automotive software engineering is a complex and
context-dependent activity that requires architectural understanding, abstraction-
level judgement, and domain expertise. Although Large Language Models (LLMs)
have shown potential in several software engineering tasks, their use for require-
ments decomposition in safety-critical automotive contexts remains insufficiently
understood.

This thesis investigates how LLM-based assistants can support requirements decom-
position in automotive software engineering through a case study at Volvo Cars. The
study follows a Design Science Research methodology combining semi-structured
interviews, iterative artefact development, and industrial evaluation with domain
experts. The resulting human-in-the-loop artefact combines contextual ground-
ing through standards, historical decompositions, and system-structure information
with hierarchy guidance, structured prompt orchestration, and schema-constrained
generation.

The artefact was evaluated through benchmark-based assessments, contextual eval-
uations using participant-selected requirements, and qualitative feedback sessions
with automotive domain experts. The results suggest that LLM-based assistants
can support requirements decomposition by reducing cognitive effort, improving
contextual awareness, and providing alternative decomposition perspectives during
refinement. The evaluation further indicates that contextual grounding, hierarchy
guidance, and structured orchestration positively influenced expert-perceived out-
put quality and reviewability.

At the same time, important limitations remain related to abstraction-level con-
sistency, incomplete contextual understanding, and the need for expert validation in
safety-critical engineering contexts. The findings suggest that LLM-based decompo-
sition assistants are most useful as decision-support tools within human-in-the-loop
workflows rather than as autonomous requirement generation systems.

Keywords: Requirements Engineering, Requirements Decomposition, Large Lan-
guage Models, Human-in-the-Loop, Retrieval-Augmented Generation, Knowledge
Graphs, Multi-Agent Systems, Automotive Software Engineering






Acknowledgements

We would like to thank our academic supervisor Ali Nouri for his feedback and
colourful metaphors that helped us steer our thesis direction.

A special thanks to our industrial supervisor Tayssir Bouraffa who went above and
beyond her role to support us for the thesis. The incredible feedback and support

we received was invaluable to us.

Furthermore, we would like to thank Cem Soyulmaz & Mitko Arsov for their exten-
sive technical knowledge and availability throughout the thesis.

Last but not least, we would like to thank the people at Volvo Cars who either
participated in our thesis or enabled us to understand the inner workings within
Volvo Cars.

Nhat Nam Hoang, Melker Raad, Gothenburg, June 2026

vii






Contents

List of Figures xi
List of Tables xiii
Abbreviations XV
1 Introduction 1
1.1 Problem Description and Research Gap . . . . . . . ... .. ... .. 2
1.2 Purpose of the Study . . . . . . ... .. ... 2
1.3 Research Approach, Key Findings, and Contributions . . . . . . . .. 3
1.4 Research Questions . . . . . . . . .. ... 3
2 Background )
2.1 Requirements Engineering in Software Engineering . . . . . . . . .. )
2.2 Requirements Engineering in the Automotive Industry . . . .. . .. 6
2.3 Requirements Decomposition . . . . . . .. ... ... ... 7
2.4 Large Language Models . . . . .. .. .. ... ... ... ... 8
2.5 Prompt Engineering . . . . . ... ..o 9
2.6 Retrieval-Augmented Generation . . . . ... ... ... ... .... 10
2.7 Knowledge Graphs . . . . . . . .. ... Lo 10
2.8 Multi-Agent Systems and Orchestration . . . . . .. ... ... ... 11
3 Related Work 13
3.1 Decomposition as a Requirements Engineering Challenge . . . . . . . 13

3.2 Large Language Models as Assistive Tools in Requirements Engineering 14
3.3 Large Language Models-Assisted Requirement Generation and De-

composition . . . ... 14

3.4 Grounding, Control, and Human Validation in Large Language Models-
Based Requirements Engineering . . . . . . ... ... ... ... .. 15
3.5 Research Gap . . . .. . . . .. ... . 15
4 Methodology 17
4.1 OVerview . . . . . . .. e 17
4.2 Participants . . . . . . ... 19
4.3 Cycle 1: Problem Investigation (Relevance Cycle) . . . . . .. .. .. 20
4.4 Cycle 2: Iterative Artefact Design (Design Cycle) . . . . . .. .. .. 20
4.5 Cycle 3: Rigour Cycle . . . . . . .. .. ... ... .. 21

ix



Contents

5 Interviews 25
5.1 Interview Method . . . . . . . . . . . ... ... 25
5.2 Interview Guide . . . . . . . . ... 25
5.3 Participants . . . .. ..o 26
5.4 Procedure . . . . . . ... 27
5.5 Data Analysis . . . . . . . . .. 27
5.6 Interview Results . . . . . . . . .. ... ... ... ... . 28
5.7 Answering RQ1: Benefits and Limitations of LLM Assisted Require-

ments Decomposition . . . . . . ... oo 31
5.8 Design Objectives . . . . . . . . . .. 34

6 Artefact Design 37
6.1 Design Overview and Positioning . . . . . . ... ... ... ... .. 37
6.2 Design Iterations . . . . . . ... . L Lo 38
6.3 Final Artefact Architecture . . . . . .. .. ... .. ... .. .... 44

7 Final Evaluation 47
7.1 Final Evaluation Overview . . . . . . . . .. ... .. ... ...... 47
7.2 Final Evaluation Results . . . . . . . ... ... ... .. ... .... 51

8 Discussion 61
8.1 Answering RQ1: Combined Results from Interviews and Evaluation . 61
8.2 Interpreting Output Quality Through Requirements Quality Attributes 62
8.3 Answering RQ2: Design Choices and Expert-Perceived Decomposi-

tion Quality . . . . . ..o 64
8.4 Threats to Validity . . . . . ... . ... o 66
8.5 Ethical Considerations . . . . . . . ... ... . ... ... ...... 68

9 Conclusion 71

Bibliography 73

A Appendix 1: Prompt Engineering Principles and Techniques |

B Appendix 2: Interview Guide 111

C Appendix 3: Final Evaluation Questionnaire VII

D Appendix 4: Implemented Technical Parameters XI



2.1
4.1

6.1
6.2
6.3
6.4

7.1
7.2
7.3
7.4
7.5
7.6

List of Figures

Synthetic Illustration of Requirements Decomposition. . . . . . . .. 8
Overview of the DSR Methodology. . . . . . ... ... .. ... ... 18
RAG Agent Workflow. . . . . . ... ... ... ... ... ... .. 40
KG-RAG Agent Workflow. . . . . . . .. ... ... ... ... .... 42
PSE Summary Agent Workflow. . . . . . ... ... ... ... ..., 43
Final Artefact Information Flow. . . . .. . ... ... ... .. ... 46
Phase 1: Benchmark Evaluation Results. . . . . . ... ... ... .. 52
Summary Agent Assessment. . . . . ... ... 53
RAG Agent Regulatory Standards Mapping Evaluation.. . . . . . . . 54
KG-RAG Context and Historical Decomposition Evaluation. . . . . . 54
Phase 2 Decomposition Assessment. . . . . . . . . . .. .. ... ... 55
TAM Usability and Adoption Trends. . . . . . . . .. ... ... ... 55

X1



List of Figures

xii



4.1

5.1
5.2

2.3
5.4
2.5

6.1

7.1
7.2

List of Tables

Participant Background . . . . . . .. ... ..o

Hierarchy Levels and genAl Daily Usage Represented by Participants.

Baseline Pain Points in the Manual Requirements Decomposition Pro-

CESS. v v e e e
Thematic Codes for LLM-Assisted Benefits. . . . . ... . ... ...
Thematic Codes for LLM Limitations and Risks. . . . . . . .. .. ..
Traceability from Interview Results to Design Objectives. . . . . . . .

Mapping between Design Objectives and Artefact Mechanisms. . . . .

Alignment between DOs and Evaluation Focus. . . . . . . ... ...
Mapping of Evaluation Questions to Denger & Olsson Quality At-
tributes. . . ...

A.1 Prompt Engineering Techniques Considered in the Artefact Design.

D.1 Selected Implementation Parameters and Architectural Mechanisms. .

29

xiil



List of Tables

Xiv



Abbreviations

Abbreviation Meaning

CF
DO
DSR
genAl
HITL
KDP
KG
KG-RAG
LLM
MAS
PC
PF
PSE
RAG
RE
RMS
RQ
SE
TAM
YOE

Customer Function

Design Objective

Design Science Research
Generative Artificial Intelligence
Human-in-the-Loop

Key Decision Point

Knowledge Graph

Knowledge Graph Retrieval-Augmented Generation
Large Language Model
Multi-Agent System

Product Capability

Product Function

Product Structure Entity
Retrieval-Augmented Generation
Requirements Engineering
Requirements Management System
Research Question

Software Engineering

Technology Acceptance Model
Years of Experience

XV



List of Tables

Xvi



1

Introduction

Requirements Engineering (RE) in automotive software development involves the
systematic refinement of requirements across multiple abstraction levels. High-level
requirements are often expressed from a user or vehicle perspective and progressively
refined into subsystem- and component-level specifications to support development,
verification, and validation [1]. This refinement process requires engineers to pre-
serve the intent of higher-level requirements while introducing increasing technical
detail at lower levels.

The complexity of this work is increased by the coexistence of multiple requirement
representations. Structured natural language is commonly used to express system
properties, use cases describe interactions and scenarios during early design, and
model-based representations may be introduced later to support detailed system
design. Although these representations address different engineering needs, their
coexistence increases the cognitive and organisational complexity of RE activities.
Engineers must reason across abstraction levels and representation types while main-
taining consistency, traceability, and alignment with the original requirement intent

1].

In the industrial context studied in this thesis, automotive software development at
Volvo Cars is supported by a structured specification data architecture that organises
requirements, tests, and related artefacts into a multi-level hierarchy. This hierar-
chy consists of five primary abstraction levels: Customer Function (CF), Product
Function (PF), Product Capability (PC), Group of Components, and Component.
At the highest level, requirements describe vehicle behaviour from the end-user’s
perspective, while lower levels introduce increasing technical specificity and eventu-
ally define implementation-relevant constraints. The hierarchy is intended to sup-
port systematic requirements decomposition and traceability from customer needs
to technical realisation through separation of concerns and ownership across levels.

However, the existence of a structured hierarchy does not make decomposition
straightforward. Decomposing requirements across multiple abstraction levels re-
quires domain knowledge, architectural understanding, coordination between roles,
and careful interpretation of business, technical, and verification-related constraints.
Requirements decomposition therefore remains a demanding expert-driven activity.
This motivates the investigation of assistive tooling that can help engineers manage
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contextual information, preserve requirement intent, and produce candidate decom-
positions while keeping human judgement central to the process.

1.1 Problem Description and Research Gap

In industrial automotive software development, requirements decomposition is still
largely performed manually by system engineers. Engineers must interpret high-level
customer- or vehicle-oriented requirements, determine the appropriate abstraction
level for derived requirements, allocate responsibilities across system elements, and
preserve traceability to higher-level intent, verification needs, and technical con-
straints. As system scale and software complexity increase, this work becomes time-
consuming, cognitively demanding, and vulnerable to inconsistencies, omissions, and
weakened traceability [1, 2, 3].

Large Language Models (LLM) offer new opportunities for supporting natural-
language intensive software engineering (SE) activities and have been increasingly
adopted in SE tasks, especially in later lifecycle phases [4]. However, their use in
early-phase requirements engineering, and particularly in requirements decomposi-
tion for safety-critical automotive systems, remains insufficiently understood. This
is problematic because requirements decomposition requires more than fluent re-
quirement text: generated outputs must preserve intent, fit the target abstraction
level, reflect domain context, and remain subject to expert validation.

This study addresses the need to understand how LLM-based assistants can be
designed and evaluated as support tools for automotive requirements decomposition.
The focus is on assistive generation of candidate decompositions and contextual
support, rather than autonomous requirement approval or formal verification.

1.2 Purpose of the Study

The purpose of this study is to investigate how an LLM-based assistant can sup-
port requirements decomposition in automotive SE. The study focuses on the de-
sign, refinement, and evaluation of an artefact that assists engineers in transforming
higher-level requirements into structured lower-level candidate requirements within
an industrial requirements hierarchy. The scope of the study is limited to assistive
support for decomposition rather than autonomous requirement approval or formal
verification. The artefact is intended to provide candidate outputs, contextual infor-
mation, and explanatory support that engineers can inspect, revise, or reject. The
evaluation therefore focuses on expert-perceived usefulness, output quality, work-
flow fit, and limitations in an industrial case-study setting, rather than proving the
formal correctness or completeness of generated requirements.
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1.3 Research Approach, Key Findings, and Con-
tributions

This study follows a Design Science Research (DSR) approach grounded in the
methodologies proposed by Hevner & Chatterjee [5] and Wieringa [6]. The problem
investigation was conducted through semi-structured interviews with automotive
domain experts concerning current decomposition practices, perceived opportunities
for LLM support, and risks associated with generative Al-assisted decomposition.
The interview findings informed a set of design objectives that guided the iterative
development of a decomposition assistant artefact.

The resulting artefact combines contextual grounding through standards, historical
decompositions, and system-structure information with hierarchy guidance, struc-
tured prompt orchestration, and schema-constrained output generation. The arte-
fact was evaluated by domain experts through a benchmark assessment, a contex-
tual assessment using participant-selected requirements, and open-ended feedback
on usefulness, risks, and adoption conditions.

The findings suggest that LLM-based assistants can support requirements decompo-
sition by reducing cognitive effort, providing alternative decomposition perspectives,
supporting exploratory refinement, and improving the clarity and consistency of gen-
erated requirements. At the same time, important limitations remained related to
abstraction-level uncertainty, incomplete contextual understanding, risks of over-
looking safety- or verification-relevant details, and the continued need for expert
validation. The artefact was generally perceived as useful for supporting expert-led
decomposition workflows. Contextual grounding mechanisms based on standards
and system context were assessed more positively, while historical decomposition
reuse showed greater dependence on contextual interpretation and applicability as-
sessment. Overall, the results suggest that LLM-based decomposition assistants are
most appropriate as human-in-the-loop (HITL) decision-support tools rather than
autonomous requirements generators.

The contribution of this thesis is threefold. First, it provides an empirical charac-
terisation of requirements decomposition challenges and practitioner expectations
regarding LLM support in an automotive systems engineering context. Second, it
presents a set of empirically grounded design objectives together with an artefact de-
sign for LLM-assisted requirements decomposition. Third, it reports an exploratory
industrial evaluation of the artefact and identifies perceived benefits, limitations,
and adoption considerations for future automotive software requirements engineer-
ing workflows.

1.4 Research Questions

Based on the identified research gap and the objectives of the study, the following
research questions (RQ) were formulated to guide the design and evaluation of the

3
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proposed artefact. The first research question focuses on the perceived benefits and
limitations of LLM-assisted requirements decomposition, while the second exam-
ines how different artefact design choices influence expert-perceived decomposition
quality.

RQ1: What are the benefits and limitations of using LLM-based assistants to support
requirements decomposition in automotive software development?

RQ2: How do design choices in an LLM-based assistant influence expert-perceived
quality in requirements decomposition outputs?



2

Background

This chapter introduces the domain and technical concepts needed to understand the
artefact design presented in this thesis. The chapter first presents RE as the broader
discipline in which requirements are elicited, specified, validated, and traced. It then
narrows the focus to requirements decomposition in automotive SE, where require-
ments must be refined across abstraction levels while preserving intent, traceability,
and alignment with system architecture. The second part of the chapter introduces
LLMs and the mechanisms used to make their outputs more suitable for the require-
ments decomposition process.

2.1 Requirements Engineering in Software Engi-
neering

RE comprises the systematic activities and artefacts used to establish what a system
must achieve and the constraints under which it must operate throughout its life
cycle. RE is commonly described as a set of recurring and interwoven activities, in-
cluding stakeholder identification, elicitation, specification, analysis, validation, and
management of requirements [7, 8, 9]. These activities transform stakeholder needs
into agreed and documented requirements that can guide design, implementation,
verification, and later system evolution [7, 8, 10].

RE is critical in SE because requirements act as the primary reference for architec-
tural decisions, implementation planning, and verification activities [9]. Addition-
ally, defects in requirements (e.g., ambiguity, inconsistency, omissions) propagate
downstream and often lead to rework and expedient implementation compromises.
The resulting quality issues can accumulate as technical debt. Since such issues are
typically more expensive to correct later in the life cycle, RE must support early clar-
ification, validation, and controlled evolution of requirements as stakeholder needs,
constraints, and operational contexts change [7, 10].

A central concern in RE is therefore the quality of requirements. High-quality re-
quirements are expected to be understandable, consistent, complete, feasible, verifi-
able, and traceable [10]. These qualities are especially important when requirements
are refined or decomposed, because ambiguities or omissions at higher levels can
be amplified when lower-level requirements are derived [9, 10]. For LLM-assisted

5
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decomposition, these qualities are particularly important because generated require-
ments should support expert review and further refinement rather than be accepted
as final specifications [11, 12, 13].

In large software-intensive systems, requirements are also interdependent and must
be related to their sources and downstream artefacts. Requirements traceability
supports accountability and change impact analysis by maintaining links between
related requirements, their purpose, and verification artefacts [14]. These RE foun-
dations become increasingly important in domains where requirements are refined
across multiple abstraction levels and where development is constrained by safety,
regulation, and organisational complexity [2].

2.2 Requirements Engineering in the Automotive
Industry

Requirements engineering in the automotive industry is shaped by safety, cyber-
security, legal, and organisational constraints. Automotive systems are software-
intensive and often safety-critical, which means that requirements must support not
only implementation but also verification, validation, compliance, and change im-
pact analysis. Legal and safety constraints influence the RE workflow and can slow
down development processes [15]. Standards such as ISO 26262 [16], for functional
safety, and ISO/SAE 21434 [17], for cybersecurity engineering, place strong demands
on how requirements are specified, traced, reviewed, and maintained.

A key characteristic of automotive RE is that requirements are refined across multi-
ple abstraction levels and organisational boundaries. High-level vehicle or customer-
oriented requirements must be translated into more technical requirements for func-
tions, systems, modules, and components. This refinement requires engineers to
interpret the original intent and allocate responsibilities to the appropriate system
elements. Furthermore, they must ensure that derived requirements remain aligned
with safety, cybersecurity, architectural, and verification constraints. In addition,
automotive RE is affected by communication and coordination challenges [2].

Traceability is therefore central in automotive RE, supporting both forward and
backward traceability relationships [18]. It supports compliance, impact analysis,
accountability, and validation activities [18, 19]. These characteristics make auto-
motive requirements decomposition a context-dependent activity that requires both
textual requirement understanding and awareness of relationships between require-
ments, system elements, and constraints.

These characteristics are also reflected in the information structures used within
industrial automotive development processes. At Volvo Cars, Product Structure
Entities (PSEs) are used to represent and organise product-related structures, re-
sponsibilities, and engineering artefacts across different hierarchy levels. Each PSE
is associated with a specific abstraction level and may contain linked requirements,
metadata, and related engineering information. PSEs support the allocation and

6
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traceability of requirements across subsystem boundaries and provide contextual
information about architectural scope, system responsibilities, and intended decom-
position levels. This makes PSEs relevant as a source of contextual grounding for
requirements decomposition activities.

2.3 Requirements Decomposition

Requirements decomposition concerns the practice of deriving lower-level require-
ments from higher-level requirements [20]. This supports the gradual transition from
broad system or stakeholder intentions towards requirements that can guide design,
implementation, verification, and validation activities [1, 21]. The derived require-
ments typically introduce additional technical specificity and may be associated with
particular functions, subsystems, or components, depending on the structure of the
engineering organisation and system architecture [1].

In this thesis, requirements decomposition is defined as the process of transform-
ing a requirement into a set of lower-level requirements across abstraction levels,
while preserving the intent of the decomposed requirement and aligning the derived
requirements with system architecture, traceability needs, and the intended target
level. This definition builds on the view that decomposition is not merely the act
of splitting one requirement into several smaller statements. Rather, it is an engi-
neering activity that involves interpretation of purpose, allocation of responsibilities,
and consideration of system constraints [21].

A central challenge in requirements decomposition is managing the transition be-
tween abstraction levels. Higher-level requirements (parents) are often written from
a stakeholder, user, or vehicle perspective, while lower-level requirements (chil-
dren) introduce increasing technical specificity [1, 21]. The semantic shift from
stakeholder-oriented intent to technical realisation changes both the content and
the expected level of detail of the requirement [21]. If a derived requirement re-
mains too abstract, it may provide insufficient guidance for downstream engineering
activities; if it becomes too detailed too early, it may prescribe design decisions at
an inappropriate level of the requirements hierarchy [1, 21].

Traceability is also affected during decomposition. Maintaining such relationships
can be challenging because requirement structures do not always form a strict tree. A
higher-level requirement may be refined into several lower-level requirements, while
a derived requirement or logical element may contribute to several PSEs [18, 20].
Figure 2.1 illustrates this requirement growth and many-to-many traceability. Such
relationships are important for impact analysis, verification planning, consistency
management, and compliance in safety-critical domains [18, 19]. These characteris-
tics make requirements decomposition dependent on domain expertise, architectural
context, and coordination across engineering roles [1, 2]. A useful decomposition
must preserve parent intent, introduce an appropriate level of technical detail, allo-
cate responsibilities coherently, and maintain traceability across levels [18, 20, 21].
Within Volvo Cars, the process is commonly referred to as requirements breakdown,

7
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although the term requirements decomposition is used throughout this thesis to
align with the academic literature.

/ PSE A: Remote Cabin Precondition \ PSE B: Remote Vehicle Access Feedback
- N
— CF-B1 CFB2 | CF-B3
cF CF-A1 CFA2 | e Remote | Remote
P bin climate bef Prepare cabin X onfirm remote locking and unlocking
repare cabin climate before entry limate .. cabin actions | | ac tion... | act tion...
) L e
I | l I | [
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Figure 2.1: Synthetic illustration of requirements decomposition across CF, PF,
and PC levels. Two fictional PSEs are shown to demonstrate how high-level
customer-facing intent can branch into lower-level functional responsibilities and
more specific product capabilities. Solid arrows indicate direct decomposition links,
while dashed arrows illustrate possible cross-PSE dependencies or shared contextual
relationships. The example is illustrative only and does not represent an industrial
requirement or Volvo Cars implementation.

2.4 Large Language Models

LLMs are neural language models trained on large text corpora to process and gen-
erate natural language. Many modern LLMs are based on the Transformer architec-
ture, which uses self-attention to model relationships between tokens in an input se-
quence [22; 23]. Compared with earlier sequential architectures, Transformer-based
models are better suited to capturing dependencies across longer text sequences,
which has contributed to their use in a wide range of natural language processing
tasks [22, 23]. The capabilities of modern LLMs are associated with large-scale
pre-training on extensive text corpora and, in some cases, models with billions of
trainable parameters [24, 25]. Through prompting, task-specific behaviour can of-
ten be elicited without changing the underlying model parameters [12, 13]. Since
requirements are commonly represented in natural language, LLMs are relevant for
RE activities that involve interpreting, reformulating, summarising, and structuring
textual information [7, 8, 9.

LLMs also have well-documented limitations. One common limitation is hallucina-
tion, where a model produces output that is syntactically plausible but factually
or logically incorrect [11]. This limitation is related to the probabilistic nature of
LLM generation and the fact that models generate text based on learned patterns
rather than direct verification against external reality [11, 12, 26]. In safety-critical
engineering contexts, such unsupported or incorrect outputs can be problematic if
they are not reviewed by domain experts [11].

8
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A second limitation is that the knowledge available to an LLM through its param-
eters is limited by the data and time of pre-training. As a result, LLMs may lack
access to domain-specific documentation, recent project decisions, internal require-
ments, or organisation-specific engineering conventions [27]. This is particularly rel-
evant for automotive requirements decomposition, where useful output may depend
on company-specific hierarchies, standards, released requirements, and architectural
relationships.

A third limitation concerns the context window, which defines the amount of text
that a model can process in a single interaction [22]. Since RE tasks may involve
standards, guidelines, historical requirements, architectural information, and user
input, relevant information may exceed what can be provided directly in a single
prompt. In such cases, important constraints may be omitted, truncated, or not
effectively used by the model.

These limitations motivate the use of additional mechanisms for controlling and
grounding LLM-assisted requirements decomposition. Prompt engineering can struc-
ture instructions and outputs, retrieval-augmented generation can provide relevant
textual context, knowledge graphs can preserve relationships between requirements
and related artefacts, and multi-agent orchestration can separate the workflow into
inspectable stages. The following sections introduce these mechanisms.

2.5 Prompt Engineering

Prompt engineering refers to the deliberate design of prompts used to guide an LLM
towards a desired task, response style, or output structure [12, 28]. Prompts may
contain task instructions, contextual information, constraints, examples, and output
format specifications. Since LLM behaviour is sensitive to how tasks and context
are specified, prompt design can reduce ambiguity and improve alignment between
generated outputs and the intended task [28, 29].

Prompt engineering is particularly relevant for requirements decomposition because
multiple contextual sources must often be handled simultaneously, including the
source requirement, decomposition objectives, hierarchy-related guidance, retrieved
standards, historical decompositions, and expected output structures. Structured
separation of prompt components can help distinguish instructions, contextual in-
formation, constraints, and output requirements, while direct task instructions and
negative constraints may reduce unsupported or irrelevant outputs [12, 13]. Output
generation can additionally be constrained to predefined structures containing can-
didate requirements and supporting explanatory elements, improving reviewability
during RE activities.

However, prompt engineering alone cannot compensate for missing or insufficient
context. If relevant standards, architectural information, historical requirements,
or system-specific constraints are unavailable, even well-structured prompts may
produce incomplete or weakly grounded outputs. These limitations motivate the
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use of complementary contextual grounding and orchestration mechanisms.

Additional prompt engineering principles and implementation-oriented techniques
considered in the artefact design are presented in Appendix A.

2.6 Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) [30] is a framework for improving the out-
put of generative Al models by supplying them with retrieved, contextually relevant
information. A RAG system consists of two primary components: a retriever and a
generator. When a query is provided, the retriever performs a similarity search over
embedded text chunks in a vector database and returns the most relevant informa-
tion. This retrieved context is then provided to the generative model, improving
alignment with existing documentation and reducing hallucination [31].

The retrieval component typically relies on semantic similarity using text embed-
dings, where natural language is represented as dense vectors in a high-dimensional
space. Semantically similar texts are located closer together in this space and can
be compared using similarity metrics such as cosine similarity [32]. This enables
retrieval of semantically similar text even when they are phrased differently, which
is particularly useful in requirements engineering due to the variability and ambigu-
ity of natural language [33]. Retrieval can also be augmented, for example through
context-enriched chunking, where document-level information is included in each
chunk before embedding [34]. This can guide retrieval towards appropriate source
documents rather than relying solely on local semantic similarity.

In practice, RAG systems have been shown to be effective for retrieving information
from large collections of technical documentation [35]. However, they also exhibit
important limitations. Relevant information may not be retrieved if queries are
ambiguous, embeddings fail to capture the intended semantic meaning, or retrieved
chunks lack sufficient contextual information. Even when relevant information is
retrieved, the generative model may fail to correctly interpret, prioritise, or apply
the provided context during generation [36]. As a result, RAG-based systems may
still produce incomplete, weakly grounded, or inconsistent outputs despite access to
relevant source material.

2.7 Knowledge Graphs

A knowledge graph represents real-world knowledge as a network of entities and their
relationships, where nodes correspond to entities and edges represent relationships
between them [37]. Entities can represent objects, systems, or abstract concepts,
while relationships capture how these entities are connected.

Knowledge graphs typically represent data as triples of the form (s, p, o), where s is
the subject, p is the predicate, and o is the object. For example, (Gothenburg, city,
Sweden) expresses a relationship between two entities [37]. In practice, knowledge

10
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graphs are often implemented using graph databases, which enable efficient storage
and querying of graph-structured data [38].

A key advantage of graph-based representations is their ability to efficiently tra-
verse relationships between entities. Unlike relational systems that rely on JOIN
operations, graph databases support index-free adjacency, where each node directly
references its connected neighbours. This enables efficient exploration of multi-level
relationships, making knowledge graphs particularly suitable for representing de-
pendencies and hierarchical structures in requirements engineering [37]. This struc-
tured representation complements retrieval-based approaches by providing explicit
system-level relationships that are not captured through similarity-based methods.

2.8 Multi-Agent Systems and Orchestration

LLMs have demonstrated significant advances across multiple natural language pro-
cessing disciplines, but their performance degrades in more complex multi-step or
collaborative problems [39]. To address these challenges, multi-agent-systems (MAS)
are used to take actions and look for solutions similar to human collaboration [39, 40].
A MAS consists of multiple agents, where each agent takes on a specialised role with
specific skills and reasoning patterns that collaborate with each other which leads to
an increased intelligence compared to stand-alone LLMs [39, 41]. Furthermore, an
agent can be bound by a contract that defines how it may perform a task, including
its input/output expectations, available skills, resource limits, time limits, success
criteria, and termination conditions. In this sense, contracts make agent behaviour
more predictable and auditable by constraining not only what an agent should do,
but also how much it may consume and when execution must stop [42].

In the context of MAS, orchestration refers to the automated coordination of spe-
cialised LLM agents to treat a prompt as a multi-layered task rather than a single
monolithic output generation. An orchestrator is responsible to call different agents
depending on circumstances during generation and that each agent works in collab-
oration instead of isolation [39]. This framework enhances computational efficiency
and reasoning depth by reducing complexity of individual task execution [43].
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Related Work

LLM-assisted RE has gained increasing attention as a way to support language-
intensive engineering activities, yet its use for requirements decomposition in in-
dustrial automotive software settings remains insufficiently established. Prior work
relevant to this thesis can be grouped into four areas: decomposition challenges in
safety-critical and automotive engineering, LLM applications in RE, LLM-assisted
requirement generation and decomposition, as well as mechanisms for grounding
and controlling LLLM-based engineering tools.

3.1 Decomposition as a Requirements Engineer-
ing Challenge

Requirements decomposition remains a persistent challenge in automotive engineer-
ing. Prior work identifies weak traceability, redundancy, inconsistent refinement
across abstraction levels, and difficulty managing system complexity as recurring
issues in manual decomposition processes [2, 3]. These problems are particularly
relevant in automotive SE, where requirements are refined across several abstrac-
tion levels and must remain aligned with system architecture, verification needs, and
organisational responsibilities.

The literature also indicates that decomposition problems are not only caused by
the wording of individual requirements. They emerge from the interaction between
technical refinement, coordination between roles, and process constraints. Inconsis-
tent changes at lower abstraction levels can introduce gaps or contradictions relative
to higher-level intent, while formal RE processes may be perceived as too slow for
day-to-day engineering work, encouraging informal or ad-hoc requirement practices
[2, 44]. This suggests that decomposition support must address more than textual
reformulation. It must also support context awareness, traceability, and reviewabil-

ity.

Recent work on decomposition-support tools therefore points towards semi-automated
support rather than full automation. Semi-automated approaches have been pro-
posed to improve the quality and verifiability of lower-level requirements, while
empirical studies show that practitioners continue to face challenges when refining
abstract safety concerns into more concrete artefacts while preserving traceability
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[45, 46]. Existing research therefore frames decomposition as an expert-led activity
that may benefit from automation, provided that engineers remain responsible for
interpreting, validating, and refining the resulting requirements.

3.2 Large Language Models as Assistive Tools in
Requirements Engineering

Research on LLMs in SE has so far focused more strongly on implementation and
maintenance than on early RE activities [4]. Practitioner use follows a similar pat-
tern, with genAl tools being used more frequently for coding and debugging than
for planning or requirements-related work [47]. RE is therefore a comparatively less
mature application area for LLMs, despite the fact that many RE tasks involve the
interpretation, transformation, and validation of natural-language artefacts.

Within RE, existing studies suggest that LLLMs can support several language-intensive
tasks. Prior work has explored their use for eliciting requirements from user reviews
and stakeholder interviews, generating test cases from requirements, and supporting
traceability-related analysis. Across these tasks, the main role of LLMs is not to re-
place engineering judgement, but to assist with interpreting, reformulating, linking,
or generating candidate artefacts from textual input [48, 49, 50, 51].

A similar pattern appears in work on downstream artefact generation from require-
ments. LLMs can transform requirement-like inputs into code, tests, or executable
specifications, but the resulting outputs require guardrails, validation, or expert
curation before they can be used in engineering workflows [52, 53].

3.3 Large Language Models-Assisted Requirement
Generation and Decomposition

Research closer to requirement generation and decomposition shows that LLMs can
produce useful candidate requirement content when provided with suitable context.
In compliance-oriented settings, LLMs have been used to derive more actionable
requirement content from standards, controls, and dense technical documentation
[13, 54, 55, 56]. These studies indicate that LLMs can help surface relevant require-
ment areas from complex information sources, while still relying on human review
to assess correctness, relevance, and completeness.

Existing studies in adjacent high-assurance domains suggest that LLMs can support
the derivation of lower-level requirements or decomposition-adjacent artefacts, but
they also show that performance depends on the decomposition level, available con-
text, and validation strategy . In particular, reported issues around abstraction-level
variation, traceability, and expert validation suggest that generated requirements are
best treated as candidate outputs rather than finalised specifications [55, 57, 58].

For this thesis, the most relevant implication is that existing work has not yet estab-
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lished how LLM-generated candidate decompositions can be aligned with industrial
automotive requirement hierarchies. Prior studies provide evidence that LLMs can
support requirement generation and decomposition-related activities, but they leave
open how such support should incorporate automotive-specific abstraction levels,
company-specific product context, historical decomposition knowledge, and expert
review practices.

3.4 Grounding, Control, and Human Validation
in Large Language Models-Based Requirements
Engineering

A recurring response to the limitations of LLMs is to combine generation with mech-
anisms for grounding, control, and validation. Retrieval-based approaches are used
to connect model outputs to external documentation, while graph-based approaches
add relational structure that can support tasks involving dependencies, hierarchies,
and cross-document connections [30, 59]. In safety-critical industrial contexts, KG-
enhanced retrieval has shown value for tasks that require structured reasoning over
interconnected engineering knowledge, such as failure analysis [60]. Other KG-RAG
approaches similarly aim to improve domain-specific reasoning by combining re-
trieved evidence with explicit entity relationships [61, 62]. Notably, these works
create KGs during runtime, unlike our artefact.

Other work focuses on controlling the generation process itself. MAS and orches-
tration have been used to divide complex tasks into specialised subtasks, introduce
intermediate checks, and simulate role-based reasoning [38, 43]. In RE, agent-based
approaches have been applied to user-story prioritisation and debate-like require-
ments analysis, reflecting the fact that RE often involves multiple perspectives rather
than a single deterministic transformation [63, 64]. HITL multi-agent approaches

further emphasise that domain expertise remains necessary when applying LLMs to
RE tasks [65].

Prompt structure also affects the quality and reviewability of generated require-
ments. Prior work shows that explicit roles, structured inputs, rationales, and con-
trolled output formats can improve generated requirement quality, while automatic
prompt optimisation may improve average performance without eliminating the need
for human judgement [13, 66]. Across these approaches, the literature points towards
the same general design principle: LLM-based RE tools are more useful when their
outputs are grounded in relevant context, constrained by task-specific structure, and
made inspectable for expert review.

3.5 Research Gap

The reviewed literature shows that requirements decomposition remains difficult
in automotive and safety-critical engineering because it requires abstraction-level
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judgement, traceability, domain knowledge, and coordination across engineering
roles [2, 3, 46]. Tt also shows that LLMs can support several RE activities, includ-
ing elicitation, traceability analysis, compliance-oriented generation, test generation,
and decomposition-related tasks [13, 48, 49, 50, 51, 55, 56]. In addition, prior work
demonstrates that grounding and control mechanisms such as RAG, KG-enhanced
retrieval, multi-agent orchestration, structured prompting, and HITL validation can
improve the contextual relevance and reviewability of LLM outputs [30, 59, 65, 66].

However, existing research provides limited evidence on how these mechanisms can
be combined and evaluated as an HITL assistant for requirements decomposition
within an industrial automotive requirements hierarchy. In particular, prior work
does not sufficiently address how such an assistant should incorporate company-
specific product structures, standards-oriented retrieval, historical decomposition
reuse, hierarchy guidance, structured prompt orchestration, and expert validation
in one workflow. To the best of our knowledge, the specific combination of semantic
retrieval, graph-based decomposition reconstruction, and human-validated historical
decomposition reuse proposed in this thesis has not previously been evaluated for
automotive requirements decomposition.

This thesis addresses this gap through a case study at Volvo Cars by designing
and evaluating an LLM-based artefact for automotive requirements decomposi-
tion.The artefact combines standards-oriented retrieval, historical decomposition
reuse through KG-RAG, PSE-based contextual summarisation, hierarchy guidance,
structured prompt orchestration, and schema-constrained output generation. The
contribution lies in investigating how these mechanisms can support expert-led gen-
eration and review of candidate lower-level requirements in an industrial automotive
RE context.
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Methodology

This research adopts a DSR methodology to address the gap between capabilities
of LLMs and requirements decomposition in the automotive software engineering
domain. DSR is particularly suited for this study, as the objective is not only
to understand a problem but to design and evaluate an artefact that provides a
practical solution within an industrial context.

4.1 Overview

The research design is grounded in the Three-Cycle Model proposed by Hevner &
Chatterjee [5] and is further operationalised through the engineering cycle described
by Wieringa [6]. Together, these frameworks provide complementary perspectives:
Hevner & Chatterjee’s model ensures alignment between the research, its industrial
environment, and the existing knowledge base, while Wieringa’s cycle structures the
process of problem investigation, solution design, implementation, and evaluation.
A general overview can be seen in Figure 4.1.

Following Hevner & Chatterjee’s three cycle model, this study is structured around
three interrelated cycles:

o Relevance Cycle: Connects the research to the industrial environment.
In this study, the relevance cycle is operationalised through semi-structured
interviews with domain experts at Volvo Cars, which serve to identify the
challenges associated with requirements decomposition and to establish the
DOs for the artefact.

e Design Cycle: Represents the iterative process of building and refining
the artefact. The core of this research lies in this cycle, where a multi-agent
system for requirements decomposition is developed through successive itera-
tions, progressing from an initial integration prototype to a RAG approach,
followed by a Knowledge Graph-enhanced RAG architecture, and ultimately
a fully optimised multi-agent system.

o Rigour Cycle: Anchors the research in existing scientific knowledge. The
design of the artefact is informed by prior work in LLMs, retrieval-augmented
generation, knowledge graphs, and multi-agent systems. These knowledge
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sources provide the theoretical grounding for design decisions and enable the
interpretation of results.

Design Science Research Methodology Overview

Hevner's Three-Cycle Model through Wieringa’s Cycle

/ RELEVANCE CYCLE \ DESIGN CYCLE / RIGOR CYCLE \
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Figure 4.1: Overview of the DSR Methodology.

To operationalise the design cycle, this study follows Wieringa’s engineering cycle,
which structures the research into four phases:

1. Problem Investigation: Understanding the industrial problem through empir-
ical data collection (expert interviews).

2. Treatment Design: Translating identified needs into DOs and architectural
decisions.

3. Treatment Implementation: Developing the artefact through iterative design
and refinement.

4. Treatment Evaluation: Assessing the utility of the artefact in its intended
context.

A key characteristic of this research is the iterative problem—solution co-evolution
during the design cycle. Rather than developing the artefact in a single pass, the
system evolved through multiple iterations, where each version was subjected to
formative evaluation to identify limitations and inform subsequent design decisions.
This approach ensures that the final artefact is both grounded in the problem context
and refined through continuous learning.

Different evaluation strategies were used. During the evaluation cycle, formative

18



4. Methodology

evaluations were used to guide artefact development. At the end of the study,
a summative evaluation was conducted to assess the artefact overall’s utility, see
Chapter 7. This enables systematic evaluation of both perceived usefulness and
output quality across different conditions.

4.2 Participants

The empirical parts of this study involved domain experts from Volvo Cars who
contributed either to the problem investigation, the final artefact evaluation, or both.
Participants were selected based on their experience with requirements engineering,
system design, SE, or related automotive development activities. The study used
two main empirical data sources. Table 4.1 provides an overview of participant
background and involvement across the two empirical phases. In total, fifteen unique
participants were involved for the thesis. Thirteen of these participants took part
in the relevance cycle (pilot interview was removed from the final results), eight of
those returned for the evaluation.

Table 4.1: Participant Background: Years of Experience (YOE) in automotive in-
dustry, requirements engineering, and generative Al, including current roles. Expe-
rience values are approximate and based on participant self-reporting. Participation
in the empirical phases is shown in column Interview and Evaluation. (P) denotes
the pilot interview.

ID | Automotive | RE | genAl Role Interview | Evaluation

P1 2 2 1 Function Designer Yes Yes

P2 21 21 0 Senior Technical Lead Yes

P3 16 16 3 Function and Safety Designer Yes Yes

P4 4 1 System Designer Yes

P5 10 0 Function Designer Yes Yes

P6 7 5 3 Software Engineer Yes Yes

P7 25 25 0 System Designer Yes

P8 14 6 1 System Designer Yes

P9 1 Lead System Engineer Yes Yes

P10 1 System Architect Yes Yes

P11 7 14 1 Senior Technical Lead Yes

P12 9 2 1 System Designer Yes Yes

P13 11 11 4 Technical Expert (P) Yes

P14 15 15 1 System Architect Yes

P15 9 5 1 System Designer Yes
(ny = 13) (ng = 10)
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4.3 Cycle 1: Problem Investigation (Relevance
Cycle)

Following Wieringa’s [6] engineering cycle, the research began with a systematic
investigation of the design problem. The objective was to establish the relevance of
the proposed artefact within the industrial context of Volvo Cars and to ensure that
the research addresses a practically significant problem. More details can be read
in Chapter 5.

Data Collection: Semi-Structured Interviews

To elicit domain-specific requirements, semi-structured interviews were conducted
with 12 industry experts, including Systems Engineers and Requirements Leads.
While the general problem area was identified beforehand through research, these
interviews constituted the formal problem investigation phase.

Synthesis into Design Objectives

The interview transcripts were analysed using template analysis with a hybrid
deductive-inductive coding strategy, as described in Section 5.5. The resulting
themes captured process pain points, perceived benefits and limitations of LLM
support, and artefact design expectations. These themes were then mapped to DOs
in Section 5.8, which define the requirements and constraints for the artefact.

This step represents the transition from problem investigation to treatment design in
Wieringa’s engineering cycle and ensures traceability between the identified problem
and the proposed solution.

The DOs served as the primary input to the subsequent design cycle, guiding archi-
tectural decisions and implementation priorities.

4.4 Cycle 2: Iterative Artefact Design (Design
Cycle)

The artefact was developed through an iterative design process aligned with the
Design Cycle in Hevner & Chatterjee’s [5] Three-Cycle Model. Rather than a lin-
ear development process, the research followed an incremental problem—solution
co-evolution approach, where each iteration of the artefact was refined based on ob-
served limitations. More details about the artefact design and its respective cycles
can be read in Chapter 6.

The artefact was developed within an existing multi-agent LLM assistant environ-
ment available within a requirement management system (RMS) in the industrial
setting. This environment provided the general interaction and orchestration in-
frastructure for executing assistant workflows. However, the research artefact in
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this study was not the surrounding assistant environment itself, but the dedicated
requirements decomposition workflow designed, implemented, and evaluated within
it. This distinction was important for scoping the design cycle: the existing en-
vironment served as the technical host for the artefact, while the iterative design
work focused on decomposition-specific mechanisms such as contextual grounding,
historical knowledge reuse, hierarchy support, and HITL validation.

Each iteration consisted of:
1. Implementation of a design increment
2. Formative evaluation of the artefact’s performance
3. Identification of limitations
4. Refinement of the design in the subsequent iteration

This approach ensured continuous alignment between the artefact and the DOs
derived in Cycle 1.

Formative Evaluation Strategy

During the design cycle, formative evaluations were conducted after each iteration
to assess the artefact’s ability to address identified requirements and to guide sub-
sequent design decisions.

The evaluations were qualitative and exploratory in nature. They were focused on
identifying limitations in reasoning, grounding, and output consistency. The form
of assessment varied depending on the type of implementation being investigated.
Technical behaviour, such as retrieval mechanism, prompt structure or workflow in-
tegration, was primarily conducted through author inspection of the artefact output.
For more domain specific concerns, e.g., abstraction level correctness, automotive
expert(s) were consulted. The expert could review the artefact behaviour and com-
mented on the specific concern.

The purpose of these evaluations was not to produce generalisable performance met-
rics, but to support iterative refinement of the artefact. In line with the research ob-
jective, this study does not perform component-level or ablation-based evaluations.
Instead, individual components were assessed only in terms of their contribution to
the overall artefact behaviour. This decision reflects the DSR focus on evaluating the
utility of the complete artefact rather than isolating and benchmarking individual
techniques.

4.5 Cycle 3: Rigour Cycle

The rigour cycle anchors the research in the existing body of scientific knowledge and
ensures that the design and evaluation of the artefact are grounded in established
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theories and methods. In this study, the rigour cycle informed both the architec-
tural design of the artefact and the interpretation of the evaluation results. The
interaction between the rigour cycle and design cycle enabled a continuous refine-
ment process, where theoretical insights were used to address empirically observed
limitations. The following primary knowledge domains were considered:

* Requirements Decomposition: Foundational concepts from requirements
engineering, particularly in requirements decomposition, traceability, and han-
dling of complex system specifications, informed the problem framing and the
definition of DOs. This domain knowledge ensured that the artefact aligns
with established engineering practices and addresses real-world challenges in
safety-critical automotive systems.

e LLMs: Prior research on LLM capabilities and limitations, particularly re-
garding reasoning, hallucination, and context sensitivity, informed the need
for augmenting generative models with external knowledge sources.

« RAG: Existing work on retrieval-based augmentation guided the design of
mechanisms for incorporating domain-specific documentation into the reason-
ing process, addressing limitations in factual grounding.

o« KGs: Research on structured knowledge representation and relational rea-
soning informed the integration of a Knowledge Graph to model dependencies
between requirements, components, and constraints.

o MAS: Concepts from multi-agent system design, including role specialisation
and orchestration, influenced the decomposition of the system into multiple
interacting agents to improve reasoning robustness and modularity.

Literature Selection

Two main approaches were used to find relevant literature for the rigour cycle. One
was to query established academic databases such as arXiv, IEEE Xplore, Google
Scholar, and ACM Digital Library. The following keyword combination were used
to query the respective databases:

(’Requirements Engineering’ OR 'Requirements Decomposition’) AND (’Large Lan-
guage Models” OR ’Generative AI” OR 'LLM’) AND (’Automotive’ OR ’Safety-
Critical’). Additionally, specific technical terms such as ’Retrieval-Augmented Gen-
eration’, (Knowledge Graphs) and (Multi-Agent-System) were included to identify
papers on architectural patterns for LLM integration.

Furthermore, the catalogue of the Requirements Engineering: Foundation for Soft-
ware Quality (REFSQ) conference was scanned. For this, the two most recent paper
catalogues from 2024 and 2025 were chosen. REFSQ was chosen as it is a promi-

nent European conference regarding requirements engineering, specifically for the
SE domain.

The relevant literature was initially scanned by looking at titles and abstracts to
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discover relevance, selected articles were then read in detail to assess their method-
ology and to confirm relevance. Furthermore, the number of citations and published
journals were also considered during the selection as significant number indicates
credibility. Finally, snowball-search was applied by looking at the referenced papers
in our selection which was inspired by systematic literature reviews guidelines by
Wohlin [67].
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Interviews

This chapter covers the process of the relevance cycle, presented in Section 4.3,
where the core challenges of the requirements decomposition process were identi-
fied. To answer RQ1 and and base our decision making for RQ2, semi structured
interviews were conducted to investigate and identify the problem domain. The
interviews aimed to understand the current manual requirements decomposition
process by identifying challenges and limitations, understand attributes of a quality
requirement, and explore any prior experience with genAl tools which can be related
to the process. The design followed the established guidelines on how to perform
qualitative research by Runeson & Host [68]. This chapter starts with the inter-
view procedure, followed by the analysis of the resulting data. Finally, the chapter
concludes with the DOs, we identified from the interviews.

5.1 Interview Method

After booking a time slot, the participant received an information sheet that con-
tained the general information about the interview and informed the participant
how their data is processed. In addition, a consent form was sent out that was later
signed at the start of the interview. The interviews were conducted on Microsoft
Teams and lasted about 60 minutes. Microsoft Teams was chosen to enable remote
participation and the ability to produce an initial transcription draft. These two fac-
tors helped with flexibility and reducing transcription time. The transcription was
then validated against the recording and verified by the corresponding participant.
Before the interview began, an introductory video was played that reiterated the
most important information required for the interview. After that, the participant’s
consent was collected for both the recording and interview process [69)].

If the participant used terminology or acronyms that were unfamiliar to the authors,
they were asked to elaborate.

5.2 Interview Guide
A detailed interview guide was created to guide the interviewer and to ensure consis-

tency between participants and the collected data, but also to allow for exploration
of unanticipated topics. Before the first interview, a pilot interview study was con-
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ducted to finalise the guide. The pilot included all the steps leading up to the
interview such as using the booking system, the interview itself, and finally the
steps after the interview such as the transcription. The guide consisted of 14 main
questions each with potential follow-up probes. The questions were organised into
three sections:

1. Section 1: Requirements decomposition process: Questions about how
engineers perform their requirements decomposition, challenges and limita-
tions encountered during the process, completeness of the process

2. Section 2: Quality of requirements decomposition: Two questions re-
garding on how to discern quality of requirements, and how limitations on
resources affect the process and artefacts.

3. Experience with generative AI: Questions about how the participants are
using genAl in their daily life, steps they take when they are not satisfied with
an answer, how genAl has affected their general workflow, and functionality
prospects of a requirements decomposition tool.

The guide was designed following the principles of McGrath et al. [70]. Probes such
as "Can you elaborate on that" were included to encourage extensive responses.
The interview guide was designed to follow an hourglass structure: it began with
a broad, open-ended question about the participant’s overall approach to require-
ments decomposition, progressed to more focused questions, e.g., specific challenges
and quality attributes, and concluded with an open-ended question inviting any re-
maining reflections [68]. This structure helps establish rapport early and ensures
that participants have the opportunity to share contextual insights before narrow-
ing to specific topics [70]. Furthermore, the interview guide and hourglass structure
were used to maintain consistency while still allowing participants to steer the con-
versation towards relevant experiences. The full interview guide can be found in
Appendix B.

5.3 Participants

Since this thesis was written in collaboration with Volvo Cars, participants were
recruited through convenience sampling. Potential participants were either directly
contacted by a contact person or were notified through a message in a company wide
messaging platform. The selection criteria, to ensure relevance, were that partici-
pants should be engineers that are either actively doing requirements decomposition
or have done it extensively in the past. All participants were informed about the
purpose of the study, the voluntary nature of their participation, and their right to
withdraw at any time. None of the interviewees withdrew post-interview participa-
tion. Interviews were held until saturation was reached as no new information was
gained from interviewing new participants. Saturation was met when interviewees
no longer produced new codes relevant to RQ1/ RQ2 [71].
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5.4 Procedure

Each interview followed a consistent structure:

1. Pre-interview communication: Participants received an information sheet
by email by the time of booking the scheduled interview. The sheet explained
the study’s purpose, the planned duration, how data would be handled, and
contact details of the researchers and supervisors. A consent form was also
sent, that was later filled out in the form as a Microsoft Forms at the time of
interview.

2. Start of interview: The session began by building rapport with the partic-
ipant and then with a standardised video introduction (ca. 3-minutes) that
reiterated the information given out in the pre-interview communication step.
This was done, in case the gap of time between the participant reading through
the information sheet and the date of the interview was considerable. The
recording of the interview started by filling out the consent form.

3. Conducting the Interview: One researcher led the interview, while the
second took notes and managed the recording. This division allowed the lead
interviewer to focus on active listening and probing. The interview followed
the guide but allowed the participants to steer the conversation when they
introduced related experiences or examples. As soon as the interview-leading
researcher finished the guide’s questions and potential follow up questions, the
note-taking researcher also had the chance of asking questions to the partici-
pant. This was done to support active listening and reduce the risk of missed
follow-ups.

4. Post-interview: Immediately after the interview, the researchers noted key
impressions and deliberated. The recordings were stored on a secure, en-
crypted platform, accessible only to the research team and the participant
until the time of deletion. Finally, transcripts were corrected and validated by
participants, and results were reported in anonymised and aggregated form to
reduce evaluation apprehension.

5.5 Data Analysis

Interview transcripts were analysed using template analysis with a hybrid deductive-
inductive coding strategy to address RQ1 and inform design choices for RQ2 [68].
The initial coding template was derived from (i) the research questions, (ii) prior
literature on requirements decomposition and LLMs, and (iii) informal preliminary
meetings with engineers in the study context. An initial subset of transcripts was
coded to calibrate the template. During this calibration, code definitions were re-
fined and additional codes were introduced when relevant concepts were not captured
by the initial template.
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The resulting template comprised four code groups: (1) benefits of using LLMs
as a requirements decomposition assistant, (2) limitations of using LLMs as a re-
quirements decomposition assistant, (3) artefact design expectations, and (4) de-
composition process context. After four transcripts, the calibration was complete.
Therefore, the template was stabilised and applied to the remaining transcripts.

Coded segments were summarised using tabulation, where rows represent codes
and columns represent participants. This structure supports a transparent chain
of evidence from raw statements to themes and subsequent DOs [68]. To describe
recurrence across the interview material, coded excerpts were tabulated by code
and participant. For the descriptive counts, a code was counted once for a par-
ticipant when at least one relevant excerpt from that participant’s transcript was
assigned to the code, regardless of how many times the issue was mentioned. These
participant-level counts were used to distinguish isolated observations from issues
raised across several interviews and to support a transparent chain of evidence from
coded statements to themes and design objectives. The interpretation of each theme
also considered the content, context, and relevance of the coded statements, rather
than relying on counts alone.

One researcher conducted the primary coding of all transcripts. The second re-
searcher reviewed the coding, and disagreements were resolved through discussion.
When disagreements indicated ambiguity in the codebook, code descriptions and
boundaries were refined to improve consistency.

While the initial template was deductively derived, it was refined iteratively dur-
ing early coding to better reflect the interview data. For example, an initial code
[BEN-Speed] was revised to [BEN-COG] because participants primarily described
cognitive offloading, such as reduced effort for phrasing and exploratory work, rather
than quantifiable time savings, which were outside the evaluation scope.

5.6 Interview Results

The following results section reports how the interview findings manifested as cross-
participant themes and explains their relevance to requirements decomposition and
artefact design. Overall, a single round of interviews was conducted with 12 partic-
ipants in total. The first interview was conducted on the 3rd of March, whereas the
final one was concluded on the 18th of March. All interviews were scheduled by the
participants through a booking platform.

The results are presented in two steps before RQ1 is addressed explicitly in the
following section. First, participant demographics and recurring process-level pain
points are presented to describe the current requirements decomposition context.
Second, artefact design expectations are presented to show how the interviews in-
formed the later DOs in Section 5.8.

28



5. Interviews

Participation Demographics and Context

The 12 participants represented a diverse range of expertise within Volvo Cars, as
seen in Table 4.1. Notably, 66% (8 out of 12) already utilised genAl in their daily
workflows, which could include activities outside requirements decomposition, such
as code generation, while 33% (4 out of 12) did not. Furthermore, each hierarchy
level was represented by at least one participant, with strong representation in the
first three levels, as shown in Table 5.1. The total coverage count exceeds the number
of participants because some participants worked across multiple levels within the
hierarchy.

Table 5.1: Hierarchy Levels and genAl Daily Usage Represented by Participants.

Hierarchy Level Count | genAl Usage Count
Customer Function Level 7 genAl Users 8
Product Functionality Level 6 Non-genAl Users 4
Product Capability Level 7

Group of Components 2

(Software) Component Level 3

General Problem Identification

To support artefact scoping and design, recurring pain points in the manual require-
ments decomposition process were compiled. The themes in Table 5.2 describe the
baseline manual decomposition process and are used as contextual input for deriving
artefact requirements for RQ2, rather than as LLM-specific limitations.

Table 5.2: Baseline Pain Points in the Manual Requirements Decomposition Pro-

Cess.

Theme

Description

Quote

Level Ambiguity

level.

Difficulty in distinguishing
between hierarchy
due to a lack of clear ex-
pectations for each specific

"[...] we don’t really have
these clear guidelines and
that’s basically why our re-
quirement today are refined
in different ways for differ-
ent features." - P2

Detail Consistency

rics.

Inconsistent granularity in
requirements, ranging from
overly abstract to exces-
sively precise technical met-

"What do they do with one
which says it should feel
nice and this other require-
ment saying that the accel-

eration should be 0.3." - P11
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Table 5.2: Baseline Pain Points in the Manual Requirements Decomposition Pro-

cess. Continued.

Theme

Description

Quote

Methodological Gap

Lack of formal guidelines for
the decomposition process.

"There are these [require-
ment software] rules that
are not rules, but guidelines
that we try to follow. But
these are not strictly related
to requirement decomposi-
tion." - PH

Architecture Reliance

Some requirements decom-
position is heavily depen-

dent on the individual’s
architectural knowledge
rather than standardised
procedures.

"[...] refer to the architec-
ture to see which the com-
ponents the structures [...]
it should be broken down
into." - P4

External Retrieval

The necessity to verify com-
pleteness by looking up
data in sources external to
the requirements software
database.

"We don’t have exactly the
interfaces connected to the
requirements." - P7

Downstream Verification

Completeness cannot be
verified during the process,
but is validated down-
stream by the requirement
receiver.

"[handshake meetings are]
definitely like the main
quality check you could say,
but of course we review it
internally first." - P3

Informal Reviews

Absence of a formal review
process, leading to require-
ment quality that is highly
dependent on specific team
cultures.

'l guess we will [find] out
when testing the function if
something doesn’t work." -
P5

The following process-context codes were used to document how decomposition is
currently performed. These codes primarily deepened the researchers’ understanding
of the baseline process and were not treated as direct artefact requirements.

« [PROC-COMPL] (Completeness Validation): How teams currently en-
sure a decomposition is sufficient, primarily through "handshake meetings" and
"internal reviews" with stakeholders.

« [PROC-TEAM] (Team Culture): Informal practices and local team cul-
tures where engineers rely on "cross-checking with colleagues" rather than for-
mal written guidelines.

« [PROC-DOC] (Documentation Standards): Notes the lack of unified
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standards, with participants mentioning they "don’t really follow Volvo Car’s
internal guidelines" or that guidelines vary wildly between different function
areas.

Artefact Design Expectations

These codes represent specific functional expectations for the proposed LLM-assisted
tool which were raised by interviewees.

« [DES-SIM] (Historical Context): The ability to check for previously re-
leased requirements that are related to the current decomposition.

« [DES-RAT]| (Rationale and Explanation): The need for the LLM to
provide the rationale of its logic.

o [DES-VIS] (Visual Outputs): A requirement for the tool to support analysing
or creating visual outputs related to requirements decomposition, such as use
case diagrams, UML-style diagrams, logical or functional flowcharts, and re-
quirement relationship graphs. [DES-VIS] was coded as a recurrent expecta-
tion; however, graph-based artefact generation was outside the artefact scope
and is reported as a future research direction.

o [DES-INT]| (Tool Integration): The requirement for the artefact to be
integrated directly into existing official tools or a web interface.

« [DES-COLL] (Human-in-the-Loop): Refers to statements emphasising
that LLM-generated outputs should remain subject to human review and val-
idation rather than being used autonomously.

5.7 Answering RQ1: Benefits and Limitations of
LLM Assisted Requirements Decomposition

This section presents the results concerning RQ1:

What are the perceived benefits and limitations of using LLMs for requirements de-
composition in the automotive industry?.

The findings are based on the thematic analysis of 12 semi-structured interviews
with engineers at Volvo Cars.

Perceived Benefits of AI-Assisted Decomposition

The analysis identified three primary themes regarding the benefits of integrating
LLMs into the requirements engineering workflow: decreased cognitive load, assistive
support, and quality enhancements. These are reported in Table 5.3.
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Table 5.3: Thematic Codes for LLM-Assisted Benefits.

Code Definition Mentions Quote

[BEN-COG] Reduction of cogni- 11/12 'it has a huge effect on my
tive load, such as ex- productivity. [...] I use
ploratory work, phras- LLM in all the tasks I'm do-
ing, and information ing like I think I would say
gathering. in all tasks I'm doing which

which is everything [...]" -
P3

[BEN-ASSIST| Use of genAl as a col- 9/12 "Extra pair of eyes [..|]
laborative or a non- without me having to dis-
intrusive brainstorm- turb someone." - P1
ing partner.

[BEN-QUAL|  Improvement in re- 7/12 "Formatting properly done
quirement syntax, according to the guide-
clarity, and consis- lines, that is generally good
tency. enough." - P11

Cognitive offloading during decomposition work [BEN-COG]. This theme
captures participants’ perceptions that LLMs reduce the mental effort associated
with decomposition-related activities such as exploratory information gathering,
phrasing, and refinement of requirement text. In requirements decomposition, this
matters because engineers must translate intent across abstraction levels while pre-
serving clarity and traceability, which is cognitively demanding even before alloca-
tion decisions are finalised [21, 72]. For example, P3 described a substantial pro-
ductivity impact and reported using an LLM across nearly all tasks. In addition,
P9 emphasised reduced effort for phrasing, noting that wording which previously
required several minutes can now be generated immediately, and P10 described the
tool as enabling rapid learning when encountering new topics.

LLMs as an assistive companion in decomposition [BEN-ASSIST|. This
theme reflects how participants used LLMs as a non-intrusive assistant for quick
checks and brainstorming without the coordination overhead of contacting col-
leagues. This matters because requirements decomposition is often iterative and
involves frequent micro-validations (e.g., checking whether wording still preserves
intent) prior to formal review points [2]. The theme was mentioned by 9/12 partic-
ipants. For instance, P1 described the LLM as an "extra pair of eyes" that supports
verification without "having to disturb someone," and P3 framed the interaction as
working with a "buddy" rather than outsourcing a task.

Quality improvements in requirement formulation [BEN-QUAL]. This theme
revolves around participants’ perceptions that LLMs can improve requirement qual-
ity through clearer phrasing, more consistent wording, and better adherence to
writing conventions or internal guidelines. This matters because ambiguity or in-
consistent granularity at higher levels can propagate downstream, increasing the
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likelihood of mismatched interpretations across the hierarchy [2, 72]. For exam-
ple, P11 highlighted guideline-conformant formatting as a meaningful improvement,
while P1 used LLMs to "double check" whether a requirement "makes sense" and P6
emphasised the value of producing language that is "understandable by all."

Perceived Limitations and Risks of LLM Integration

Despite the perceived benefits, participants identified critical limitations, particu-
larly regarding technical accuracy and the specific context of the automotive hier-
archy. Participants often discussed LLM-related limitations together with existing
decomposition challenges, as LLM outputs were expected to reflect patterns present
in historical requirements. The results are presented in Table 5.4.

Table 5.4: Thematic Codes for LLM Limitations and Risks.

Code Definition Mentions Quotes

[LIM-LEVELS] Difficulty navigating 5/12 "[...] how technical should
or maintaining correct we go, especially on the cus-
abstraction levels. tomer [level requirements,

you're not supposed to de-
fine any technical solutions

[...]" - P10
[LIM-MISS] Risk of overlooking 6/12 'vou can’t have generic
critical technical or guidelines just of like do you
safety details. use the right keywords and

'Is it testable?” That is in-
sufficient as as a checklist."

- P11
[LIM-CONT] Lack of deep domain- 8/12 "Passable, but [...| maybe
specific logic or team missing some important
culture knowledge. things." - P6

Abstraction Level Challenges [LIM-LEVELS]. This theme captures concerns
that LLM-generated outputs may not consistently align with the intended abstrac-
tion level when decomposing requirements. In requirements decomposition, this
matters because automotive requirements are structured across multiple hierarchi-
cal levels, and mismatches between abstraction levels can lead to inconsistencies and
weakened traceability across the hierarchy [2, 20, 72]. A significant risk identified is
that current requirements tend to fluctuate between abstraction levels, sometimes
going "a bit too low" or "a bit too high' (P1). P10 warned that even if a high-
quality requirement is written, it may still be at the "wrong level" for the intended
component.

Risk of Overlooking Details [LIM-MISS]. This theme reflects concerns that
LLM-assisted decomposition may omit important technical, safety, or verification-
relevant details, particularly when engineers rely too heavily on generated sugges-
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tions. In decomposition workflows, this matters because requirements are expected
to be sufficiently precise, testable, and complete, and missing details can propagate
downstream into implementation and verification, increasing the risk of late rework
or defects [20, 72]. P3 argued that without deep personal domain knowledge, the
output of an LLM would not be of "the same quality'. P6 specifically noted the
LLM may not be "interpreting the input data correctly," which could lead to missed
safety or technical requirements.

Lack of Domain Context [LIM-CONT]. This theme captures the limitation
that LLMs may generate plausible but overly generalised decompositions that do
not reflect local team practices, feature-specific constraints, or tacit organisational
knowledge. In requirements decomposition, this matters because domain context
and communication across organisational boundaries play a critical role in aligning
requirements across abstraction levels, and gaps in such context are a known source
of inconsistencies in automotive requirements engineering [2, 3, 72]. P4 observed that
LLMs often provide a "generalised software decomposition" which is insufficient for
specific automotive applications. P6 emphasised that the "Al cannot actually know
everything from our function," making it a "passable" but often incomplete tool for
complex logic.

5.8 Design Objectives

Following the identification of the primary challenges in the requirements decom-
position process at Volvo Cars, a set of DOs were created. They represent the
desired properties of the artefact and serve as evaluation criteria. The DOs below
operationalise the interview themes into properties that the artefact must satisfy.
Table 5.5 provides traceability from baseline pain points presented in Table 5.2, in-
terview thematic codes presented in Table 5.3 and Table 5.4, and artefact design
expectations presented in Section 5.6 to each objective.

Table 5.5: Traceability from Interview Results to Design Objectives.

DO Pain Points Thematic Codes

DO1 Cognitive Reduction BEN-COG

DO2 Methodological Gap BEN-QUAL

DO3 Architecture Reliance, External DES-SIM, LIM-CONT
Retrieval

DO4 Level Ambiguity, Detail Consis- LIM-LEVELS
tency

DO5 Architecture Reliance, Detail Con- DES-RAT, LIM-MISS
sistency

DO6 Downstream Verification, Informal BEN-ASSIST, DES-COLL
Reviews

DO7 External Retrieval DES-INT

« DO1: Cognitive Reduction. The artefact must reduce the cognitive load

34



5. Interviews

associated with repetitive phrasing and exploratory work, e.g., offering differ-
ent perspectives, effectively addressing [BEN-COG].

DO2: Contextual Grounding in Technical Standards. The artefact
must incorporate domain-specific standards and internal Volvo guidelines (e.g.,
Safety Standards, NASA guidelines) to ensure that the generated requirements
are technically valid and compliant. This objective addresses the Methodolog-

ical Gap and the need for [BEN-QUAL)].

DO3: Integration of Released Project Knowledge. The artefact should
provide engineers with access to relevant approved-for-release requirements

and architectural context. This objective aims to mitigate the identified Ar-
chitecture Reliance, the need for External Retrieval and [DES-SIM].

DO4: Maintenance of Structural Hierarchy and Abstraction. The
artefact must assist in maintaining the correct level of granularity when de-
composing requirements from Customer Level Functions down to lower levels.
This objective is a direct response to the identified Level Ambiguity and Detail
Consistency issues and [LIM-LEVELS].

DO5: Keeping Intent and Purpose Intact. The artefact must consider
the source requirement’s purpose and intent to assist the system engineer to
perform requirements decomposition. This objective addresses [DES-RAT],
the need for the system engineer to understand the agent’s rationale, and the

need to avoid generic requirements or missing details required to perform the
decomposition, [LIM-MISS].

DOG6: Facilitation of Human-in-the-Loop Validation. Recognising that
completeness cannot be verified autonomously, the artefact should act as a
"draft generator' or "brainstorming partner' rather than a fully autonomous
system. It must provide clear rationales for its outputs to allow for efficient
human review, addressing the Downstream Verification, Informal Reviews, and
[DES-COLL].

DOT7: Assistant Integration in Current Requirements Software. The
artefact must be integrated into the current requirements software engineers
are using when performing the decomposition process. This can lessen the

burden of Ezternal Retrieval by reducing the need to switch context windows
and fulfils [DES-INT].
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Artefact Design

This chapter presents the design of the proposed requirements decomposition arte-
fact. It first introduces the overall design positioning and guiding DOs, followed
by the iterative development process through which the artefact evolved during the
DSR cycle. The chapter concludes by presenting the information flow within the
final artefact, integrating the mechanisms introduced throughout the iterations.

6.1 Design Overview and Positioning

The proposed artefact is an LLM-based requirements decomposition workflow em-
bedded in an existing multi-agent environment, as described in Section 4.4. Within
this environment, an orchestrator coordinates specialised agents and dynamically se-
lects appropriate workflows based on the task and interaction context. The require-
ments decomposition workflow is integrated as one such callable workflow, equipped
with a defined output contract that specifies its expected inputs, outputs, and execu-
tion behaviour. This enables the orchestrator to invoke the decomposition workflow
when a user query or task aligns with requirements decomposition. This means
that the surrounding agent ecosystem provides the context in which the workflow is
invoked, while the internal stages of requirements decomposition are defined by the
artefact itself.

The workflow itself supports engineers in refining higher-level requirements into
lower-level candidate specifications through staged contextual grounding and human-
guided decomposition support. Its design was guided by the DOs introduced in
Section 5.8 and a mapping of each DO to specific artefact mechanisms and their
intended contribution can be seen in Table 6.1. Rather than treating decomposition
as a single prompt-response task, the artefact was designed as a staged workflow
in which relevant context is gathered, validated by users, and organised before final
generation.
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Table 6.1: Mapping between Design Objectives and Artefact Mechanisms.

Design Objective

Artefact mechanism(s)

Intended contribution

DO1: Cognitive re- Structured workflow; interme- Reduces the need to start de-
duction diate summaries; generated composition from a blank page
candidate decomposition by organising context and pro-
ducing an initial draft for ex-

pert review.
DO2: Contextual RAG Agent; standards and Provides standards-related con-

grounding in techni-
cal standards

guideline retrieval; user valida-
tion of retrieved principles

text that engineers can inspect
before final decomposition.

DO3: Integration
of released project
knowledge

KG-RAG Agent; semantic
seed retrieval; graph expan-
sion; historical decomposition
retrieval

Supports comparison with pre-
vious decomposition patterns
by retrieving related historical
examples.

DO4: Maintenance
of structural hierar-
chy and abstraction

Hierarchy rules; source-target
level guidance; PSE-linked hi-
erarchy information; struc-
tured prompt orchestration

Supports alignment between
the generated output and the
intended abstraction transition.

DO5:  Keeping in-
tent and purpose in-
tact

PSE Summary Agent; final
prompt orchestration; schema-
constrained  decomposition;
KDPs; Observations

Uses contextual summaries and
structured explanatory outputs
to preserve parent intent and
expose issues for review.

DOG6: Facilitation of
human-in-the-loop
validation

Validation checkpoints after
PSE, RAG, KG-RAG, and fi-
nal decomposition outputs

Keeps contextual inclusion and
final acceptance dependent on
user inspection rather than au-
tomatic generation alone.

DOT7: Assistant in-
tegration in current

RMS

Workflow embedded in exist-
ing assistant environment; re-
trieval and generation within
one decomposition workflow

Reduces context-switching by
bringing contextual informa-
tion and generated suggestions
into a single workflow.

6.2 Design Iterations

The artefact was developed through five iterations, with each iteration incrementally
extending the previous version through additional design mechanisms in response
to limitations observed in the previous version. The mechanisms were later incor-
porated into the final orchestrated workflow presented in Section 6.3. A central
design principle throughout the artefact development was that contextual ground-
ing mechanisms should remain configurable by the engineer. Rather than enforcing
mandatory inclusion of retrieved standards, historical decompositions, or generated
contextual summaries, the workflow allows contextual inputs to be reviewed, revised,
selectively incorporated, or excluded before downstream generation.

While embedded in a multi-agent environment, the decomposition workflow follows
a staged process for constructing the final prompt. It consists of a fixed sequence
of agents, each producing intermediate outputs that may be incorporated together
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with rule-based elements such as hierarchy guidance. The stages are executed in
a predefined order, where intermediate outputs are progressively combined during
prompt construction.

Although the workflow follows a constrained staged execution process, it adopts
several multi-agent design principles. Each agent is implemented as an independent
LLM-based unit with defined input expectations and schema-constrained outputs,
ensuring consistent interaction between stages. The final prompt is therefore con-
structed incrementally from selected intermediate outputs and predefined structural
rules.

Following the formative evaluation strategy described in Section 4.4, this section
presents the iterations in terms of the limitations they revealed, the design changes
they motivated, and the remaining issues that shaped following refinements.

Each iteration concludes with a summary of the primary design insights and lim-
itations identified during the formative evaluation, contributing to the analysis of
RQ2.

Iteration 1: Workflow Integration and Artefact Scoping

The first iteration focused on integrating a requirements decomposition workflow
into the existing multi-agent assistant environment. Rather than modifying existing
agents, the decomposition workflow was implemented as an isolated pipeline within
the broader infrastructure.

This design decision ensured artefact development stayed independent while pre-
serving the stability of the surrounding assistant ecosystem. The iteration therefore
established a viable integration strategy and demonstrated the feasibility of incor-
porating LLM-assisted decomposition into the existing workflow environment.

At this stage, the workflow relied on direct LLM prompting without additional
contextual grounding or hierarchy-specific constraints, serving as a baseline for sub-
sequent refinements. Despite its simplicity, the workflow demonstrated that LLMs
were capable of generating structurally plausible lower-level candidate requirements
from higher-level stakeholder input.

Lessons Learned: Formative evaluation revealed important limitations related to
contextual grounding and abstraction control. The decomposition mostly resembled
an atomic subdivision of the input requirement rather than a refinement adapted
to the intended system context. In particular, the workflow lacked mechanisms for
resolving decomposition context, intended abstraction level, and technical granular-
ity, occasionally resulting in unsupported assumptions or inconsistent detail in the
generated requirements.

These findings indicated that requirements decomposition could not reliably be
treated as a purely semantic or linguistic transformation task, motivating the intro-
duction of contextual grounding mechanisms in subsequent iterations.
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Iteration 2: Grounding through Standards

To address the lack of contextual grounding identified in iteration 1, a RAG agent
was introduced to retrieve semantically relevant standards and internal guidelines
at runtime. Rather than directly injecting retrieved text into the final prompt, the
retrieved chunks were processed through a structured prompting workflow designed
to extract decomposition-relevant principles.

The RAG agent therefore acted as an intermediate contextualisation step between
retrieval and generation. However, initial formative evaluation with engineers re-
vealed limitations in the retrieval behaviour. Similarity-based retrieval often failed
to capture the broader context of the source document, resulting in chunks that ap-
peared relevant in isolation but originated from standards or documents that were
not applicable to the decomposition task.

To improve retrieval precision, document-level context was incorporated into each
chunk representation prior to embedding. This was achieved by prepending a short
description of the source document to each chunk. This allowed the retrieval process
to better prioritise relevant standards and guidelines, rather than relying solely on
local semantic similarity.

The structured prompting workflow further included mechanisms for handling in-
complete or vague retrieval results, such as fallback behaviour and filtering instruc-
tions, in order to improve robustness and reduce irrelevant contextual grounding.
After principle generation, the engineer validated the extracted principles before
they were incorporated into the final prompt construction process. This maintained
human oversight while allowing contextual grounding to be adapted to the specific
decomposition task. An overview of the RAG Agent workflow is shown in Figure

6.1.
RAG Agent | Human Val- |
5 ’ idation

Similarity Search Retrieved Chunks

Prompt Con-
struction

RAG
Document Store

Legend

. Checkpoint / LLM-based step -
Information LLM st
entity non- step Data store

Figure 6.1: Overview of the RAG Agent Workflow.

Lessons Learned: The introduction of retrieval-based grounding improved contex-
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tual alignment by incorporating standards-oriented guidance and engineering con-
straints into the decomposition workflow. However, formative evaluation revealed
that retrieved standards and guidelines were sometimes too generic or abstract to
fully support practical decomposition decisions. While standards could provide rel-
evant principles, terminology, and constraints, they often lacked concrete guidance
for how a specific requirement should be decomposed in a particular engineering con-
text. As a result, engineers still needed to validate whether the generated principles
were sufficiently relevant and applicable to the current decomposition task.

Iteration 3: Historical Decomposition Reuse through KG-
RAG

Whereas previous iterations focused on grounding generation in formal documenta-
tion, this iteration aimed to expose practical decomposition experience embedded in
historical engineering work. The objective was to address the lack of organisation-
specific engineering context identified in previous iterations by enabling reuse of
previously developed decomposition patterns and engineering decisions.

Unlike standards and guidelines, the primary value of historical requirements was not
the individual requirement text itself, but the associated decomposition structures
created during previous decompositions. In this study, historical decompositions
refer to previously released parent-child requirement refinement structures stored
within the RMS. Retrieving isolated semantically similar requirements from a vector
store was therefore insufficient, since similarity search alone could not recover how
these requirements had historically been decomposed across abstraction levels.

A knowledge graph mirroring the RMS was used to reconstruct historical decom-
position relationships within a release context. Starting from a semantically similar
requirement identified through similarity search within a requirements store, graph
traversal was used to retrieve connected lower-level refinement structures associated
with the same decomposition chain.

Instead of incorporating retrieved decompositions directly into generation, the work-
flow presented retrieved decomposition structures to the engineer for contextual
selection. The selected decompositions were then processed through a structured
prompting workflow to extract decomposition-relevant contextual patterns and key-
words for downstream prompt construction. An overview of the KG-RAG workflow
is shown in Figure 6.2.

Lessons Learned: Incorporating historical decompositions improved contextual
alignment and completeness by enabling reuse of organisation-specific decomposition
patterns. By surfacing historical decomposition structures, the workflow exposed
system-specific context relevant to the decomposition task.

However, formative evaluation revealed important limitations. Retrieved decompo-
sitions did not necessarily reflect universally applicable engineering practices and
occasionally introduced contextual noise. The approach was also less suitable for
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Figure 6.2: Overview of the KG-RAG Agent Workflow.

novel or highly specialised requirements, as it tended to bias the model toward previ-
ously used solutions. In addition, reuse of historical decompositions may propagate
existing limitations or inconsistencies into new decompositions.

Furthermore, historical decompositions were not always directly interpretable. They
often required contextual understanding of their original application, increasing the
effort for engineers to assess their relevance. This can introduce additional cognitive
load, partially counteracting the intended benefit of supporting the decomposition
process.

Iteration 4: PSE-Based Grounding and Hierarchical Rules

While previous iterations improved contextual grounding through standards and
historical decompositions, formative evaluation revealed remaining issues related to
decomposition context and abstraction-level consistency. Generated decompositions
occasionally exhibited misalignment with subsystem responsibilities and inconsistent
technical granularity, particularly when multiple contextual sources were combined.

To address the lack of structural system context, the fourth iteration introduced
PSE-based grounding within the decomposition workflow. PSE-linked information
was incorporated to provide system-level context and help align generated sub-
requirements with their intended subsystem and hierarchy position.

Initial experiments attempted to incorporate raw PSE-linked data directly into the
prompt context. However, the retrieved information often consisted of large volumes
of metadata and attached requirements, represented in structured schema-like for-
mats. For complex PSE structures, the resulting context became difficult to interpret
consistently and could become impractical for downstream prompt construction.

To address these limitations, a PSE Summary Agent was introduced to transform
retrieved PSE-linked information into a semantically interpretable system-context
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summary suitable for downstream prompt construction. A human validation check-
point was additionally integrated at this stage, allowing engineers to verify, revise,
or discard the generated summary before downstream processing. The resulting
workflow is illustrated in Figure 6.3.

In parallel, hierarchical decomposition rules were introduced to improve abstrac-
tion level consistency during generation. Earlier iterations relied primarily on RMS-
derived hierarchy associations, which proved insufficiently precise in certain contexts.
Explicit source- and target-level descriptions derived from PSE-linked hierarchy in-
formation were therefore incorporated into the final prompt to guide the intended

abstraction transition.

PSE Identifier PSE Metadata + Connected Requirements

K PSE Identifier PSE Sum-
Requirement Input
mary Agent
PSE Context
Summary

Human Validation
Cons ' (Approve /
onstruction Revise / Skip)

Legend
Information Checkpoint / ’ .
non-LLM Step LLNbased Stcp

Figure 6.3: Overview of the PSE-based Context Integration Process.

Prompt

ES
ES

Iteration 5: Structured Prompt Orchestration and Controlled
Generation

While previous iterations progressively introduced additional grounding mechanisms,
the integration and prioritisation of heterogeneous contextual sources remained in-
sufficiently structured. In particular, combining standards, historical decomposi-
tions, PSE-derived context, hierarchical rules, and user guidance occasionally pro-
duced conflicting signals and inconsistent abstraction boundaries during decompo-
sition.

As contextual complexity increased across iterations, prompt construction became
increasingly difficult to manage consistently. The fifth iteration therefore formalised
the orchestration process into a dedicated prompt construction stage responsible for
consolidating and prioritising contextual evidence before generation. This orches-
tration approach was informed by the prompt engineering principles discussed in
Section 2.5, particularly the separation of prompt components, contextual ordering,
applicability filtering, and structured output specification mechanisms.
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The resulting structured prompt template combined the original requirement and
user guidance with PSE-derived context, retrieved standards, historical decomposi-
tion examples, and hierarchical decomposition rules.

To improve abstraction consistency and contextual alignment, the orchestration
stage introduced explicit prioritisation and ordering strategies. User input, struc-
tural constraints and standards-based grounding were prioritised before historical
decomposition examples to reduce ambiguity and limit overfitting towards retrieved
refinement patterns. The orchestration stage additionally standardised how interme-
diate agent outputs were represented and incorporated into downstream prompt con-
struction. Additional implementation-specific prompt engineering techniques and
generation parameters are provided in Appendix A and Appendix D, respectively.

The final decomposition stage operated under explicit structural and contextual
constraints derived from the orchestrated prompt. In addition to generated candi-
date sub-requirements, the workflow produced supporting rationale, observations,
and contextual information intended to improve interpretability during engineer
review. Conservative generation settings were additionally introduced to improve
consistency and controllability across workflow executions.

Lessons Learned: Formalising the orchestration process improved decomposi-
tion consistency and enabled more reliable integration of heterogeneous contextual
sources. The structured rationale and observation outputs additionally improved
transparency during human review by exposing assumptions, ambiguities, and con-
textual dependencies identified during generation.

At the same time, iterative refinement of prompt composition and contextual pri-
oritisation highlighted the sensitivity of LLM-based decomposition workflows to or-
chestration strategy and contextual ordering.

6.3 Final Artefact Architecture

Together, the five design iterations transformed the artefact from a standalone LLM
prompting workflow into a structured HITL decomposition architecture integrating
contextual retrieval, hierarchical guidance, orchestration, and constrained genera-
tion.

The final architecture separates the workflow into distinct stages with different re-
sponsibilities. Retrieval agents resolve standards, historical decompositions, and
project-specific structural information from heterogeneous engineering knowledge
sources, while intermediate interpretation stages transform retrieved information
into contextual representations suitable for downstream reasoning and prompt con-
struction.

Rather than exposing retrieved information directly to generation, the workflow
incorporates validation checkpoints throughout the process, allowing engineers to
review, revise, discard, or selectively include contextual information before down-

44



6. Artefact Design

stream processing. This maintains the role of the artefact as a decision-support
workflow rather than an autonomous decomposition system.

A dedicated orchestration stage consolidates validated contextual inputs into a struc-
tured reasoning context prior to generation. The final decomposition stage then
operates under explicit structural and contextual constraints derived from the or-
chestrated prompt, producing both candidate sub-requirements and supporting con-
textual artefacts intended to improve interpretability during engineer review. While
earlier iterations relied on GPT-4.1 for the final generation step, the final imple-
mentation uses GPT-5.4. This change was motivated by improved consistency and
control observed during later testing.

An overview of the information flow within the final artefact is shown in Figure 6.4.
The figure shows how information flows through the artefact, not the exact order in
which the steps are run. In the implementation, the contextual agents and hierarchy
rules are run sequentially, but their validated outputs are only brought together in
the structured prompt orchestration stage. The architecture formed the basis for the
summative evaluation presented in Chapter 7. Specific implementation parameters
are provided in Appendix D.
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Figure 6.4: Overview of the information flow within the final artefact.
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Final Evaluation

This chapter goes over the final evaluation and its results. First, an alignment
between DOs and the evaluation is established then the procedure is presented.
The second half of the chapter presents the results.

7.1 Final Evaluation Overview

Alignment Between Domain Knowledge, Design Objectives,
and Evaluation

The evaluation design was constructed to preserve traceability between the industrial
problem investigation, the artefact design, and the final assessment. The evaluation
framework combines two sources of knowledge. First, practitioner input from the
relevance cycle defined which aspects of decomposition support were important in
the industrial context. This included the need to assess whether generated require-
ments were sufficiently complete, technically meaningful, consistent with the parent
requirement, and expressed at the appropriate abstraction level. Second, RE quality
attributes established by Denger [10] were used to refine these practitioner concerns
into evaluation dimensions such as correctness, consistency, completeness, compre-
hensibility, unambiguity, modifiability, and right level of detail. In this way, the
evaluation reflects both industrial relevance and theoretical grounding.

The resulting evaluation dimensions were applied to the final artefact. The interme-
diate workflow components were assessed according to their intended contribution
to the decomposition process: the PSE Summary Agent was evaluated in terms of
contextual accuracy and completeness, the RAG Agent in terms of standards-related
correctness and relevance, and the KG-RAG Agent in terms of the relevance and
interpretability of historical decomposition examples. Human interaction aspects,
including usefulness and adoption rate, were addressed through Technology Accep-
tance Model (TAM) [73] related items and open-ended questions. A mapping can
be seen in Table 7.1.
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Table 7.1: Alignment between DOs and Evaluation Focus.

Design Objective

Evaluation focus

Evaluation phase

DO1 Cognitive Re-
duction

Perceived usefulness, produc-
tivity impact, and reduced ef-
fort

Phase 3 and TAM-
related items

DO2 Contextual
Grounding in Tech-
nical Standards

Correctness, relevance,
and usefulness of retrieved
standards-related principles

Phase 2 RAG Agent

assessment

DO3 Integration of
Released Project
Knowledge

Relevance and contextual use-
fulness of historical decompo-
sition examples

Phase 2 KG-RAG

Agent assessment

DO4 Maintenance of
Structural Hierarchy
and Abstraction

Correct  abstraction level,
granularity, and right level of
detail

Phase 1 and Phase 2
decomposition assess-
ment

DO5 Rationale and
Contextual Explana-
tion

Usefulness of KDPs, observa-
tions, and additional contex-
tual information

Phase 1 and 2 decom-
position assessment

DO6 HITL Valida-
tion

Workflow steps

Phase 2 and Phase 3

DO7 Workflow Inte-
gration

Workflow fit, usability, and
adoption conditions

Phase 3 and TAM-
related items

Final Evaluation Procedure

To assess the utility and output quality of the proposed artefact in an industrial
context, a structured evaluation was conducted with domain experts. The evalua-
tion combined a controlled benchmark assessment, a context-dependent assessment
using participant-selected requirements, and open-ended questions concerning per-
ceived usefulness, risks, and improvement opportunities. The results are presented

in

Section 7.2.

The evaluation consisted of three phases:
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¢ Phase 1: Benchmark Evaluation

Participants were presented with a fixed input requirement and its correspond-
ing generated decomposition. Although the workflow supports optional user
guidance during decomposition, no such guidance was included in the bench-
mark case. Intermediate system steps were not shown. This phase enabled
controlled comparison across participants, as all evaluations were based on
identical inputs and outputs. The benchmark requirement was selected be-
cause it was written in customer-facing language, making the expected de-
composition more product-centred rather than highly technical.
intended to make the output easier to assess without detailed system-specific

knowledge.

This was
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e Phase 2: Contextual Evaluation
Participants interacted with the artefact using a requirement from their own
domain. This phase included assessment of intermediate workflow outputs,
such as the PSE Summary Agent, RAG Agent, and KG-RAG Agent, as well
as the final generated decomposition. This allowed participants to evaluate
the artefact in relation to system-specific constraints, architectural knowledge,
applicable standards, and practical decomposition needs.

e« Phase 3: Open-Ended Questions
Participants answered open-ended questions concerning the artefact’s role as a
collaborative partner, the effect of reduced context-switching, perceived safety-
critical risks, suggested improvements, trust in correction-based learning, and
additional comments.

The three-phase design balanced comparability, contextual validity, and qualitative
feedback. Phase 1 supported consistent cross-participant evaluation of general de-
composition properties, such as abstraction level, consistency, and completeness.
However, because the benchmark requirement was fixed, participants may not be
able to assess technical correctness based on their own domain knowledge. Phase
2 addressed this limitation by allowing participants to evaluate outputs within a
familiar system context, thereby supporting assessment of correctness & technical
validity more accurately, and alignment with their own practice. Phase 3 comple-
mented the structured questionnaire by capturing participants’ broader reflections
on workflow fit, risks, adoption conditions, and potential future improvements.

Evaluation Setup

The evaluation sessions were conducted remotely via Microsoft Teams. Each ses-
sion was recorded and automatically transcribed to support analysis of qualitative
responses.

Due to the prototype nature of the artefact, participants did not directly operate the
system interface. Instead, the researcher executed the workflow locally while allow-
ing participants to guide the process by selecting inputs, interpreting intermediate
outputs, and deciding how to proceed at each step. This ensured consistent execu-
tion across sessions while preserving participant involvement in the decision-making
process.

Evaluation Framework

To evaluate the capabilities of the proposed LLM-based requirements decompo-
sition artefact, this study utilises the TAM [73] to evaluate tool adoption. The
TAM proposes that user adoption intentions are primarily driven by two core fac-
tors: perceived usefulness and perceived ease of use. Furthermore, the extended
requirements quality framework established by Denger & Olsson [10] is utilised.
While traditional engineering standards such as IEEE 830 [74] focus primarily on
rigid, machine-verifiable documentation constraints, Denger & Olsson [10] intro-
duced human-centric and contextual attributes, such as Comprehensibility and the
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Right Level of Detail to ensure that specifications are optimised for human stake-
holders.

Data Collection

Quantitative data was collected using a structured questionnaire consisting of Likert-
scale items on a five-point scale: “Strongly disagree”, “Disagree”, “Neither agree nor
disagree”, “Agree”, and “Strongly agree”. The questionnaire was completed during
the session, with responses discussed and validated directly with the participant to
ensure correct interpretation.

To support empirical and theoretical traceability, the evaluation questions were
mapped to requirements quality attributes adapted from Denger and Olsson [10],
as detailed in Table 7.2. In addition to the quantitative questionnaire, open-ended
questions were used in Phase 3 to capture qualitative feedback regarding perceived
usefulness, workflow fit, safety-critical risks, suggested improvements, and trust in
correction-based learning. The full questionnaire is provided in Appendix C.

Table 7.2: Mapping of Evaluation Questions to Denger & Olsson Quality At-
tributes.

Question Group / Han- Evaluation Query Variable Target
dle Attribute

Quality

Phase 1 Baseline & Phase 2 Logically consistent decomposi- Correctness & Con-

Overall tion sistency
Correct abstraction level Right Level of De-
tail
Distinct responsibilities Unambiguity &
Modifiability
Sufficient completeness Completeness

Distinct responsibilities

Right Level of De-
tail

KDPs help validate/understand & Comprehensibility
Observations provide context
Alignment with external con- Consistency
straints / standards
Phase 2 Summary Agent PSE Summary is accurate Correctness
PSE Summary captures relevant Completeness
details
Phase 2 RAG Agent RAG Principles are correct Correctness
RAG Principles are relevant / Fa- Consistency &
cilitates identifying standards Completeness
Phase 2 KG-RAG Agent Historical decompositions are rel- Consistency
evant / Facilitates finding decom-
positions
Output provides enough context Comprehensibility
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7.2 Final Evaluation Results

This section reports the results from the final evaluation round. The purpose is to
present the observed quantitative response distributions and recurring qualitative
themes. The results are described at the level of observed response patterns, while
their implications for the artefact design and research questions are discussed in
Chapter 8.

Due to the qualitative and domain-specific nature of requirements decomposition,
the evaluation was conducted with a focused cohort of ten domain experts. As
described, in section 4.2, eight of these participants had also taken part in the inter-
view phase. Therefore, some evaluation participants were already familiar with the
study context and problem framing. The results are visualised using count-based
diverging Likert charts. Neutral responses, corresponding to score 3 (“Neither agree
nor disagree”), are shown numerically but are not treated as active agreement or dis-
agreement. Statements marked with an asterisk (x) denote reverse-coded questions,
where disagreement indicates a positive assessment. These items were included to
check whether participants perceived the generated decomposition as introducing
unrelated or out-of-scope content.

Integrated System Results

As described in Section 7.1, the final evaluation was divided into two main phases.
Phase 1 used a fixed benchmark requirement to assess the baseline quality of the
generated decomposition under comparable conditions across participants. Phase 2
used participant-selected requirements from their own domain to assess the artefact
in a more contextual and industrially realistic setting. During Phase 2, participants
were guided through the workflow and answered the corresponding questions at each
relevant step. For clarity, the Phase 2 results are presented by artefact component
and by overall decomposition quality.

Phase 1: Benchmark Evaluation Results

Phase 1 evaluated participants’ perceived logical consistency and structural quality
of the generated decomposition using a fixed input requirement. No participant was
familiar with the system context of the shown requirement. Therefore, participants
were not presented with the question regarding validity and compliance with system
design & standards. The results are shown in Figure 7.1.

The benchmark evaluation showed a generally positive response pattern for the
shared input-output example. Participants tended to perceive the decomposition as
logically consistent with the input requirement, at an appropriate level of abstrac-
tion, and sufficient for fulfilling the parent requirement. For the reverse-coded item,
most participants disagreed that the generated sub-requirements introduced unre-
lated functional responsibilities. This indicates that they generally did not perceive
the decomposition as expanding beyond the parent requirement. The supporting
explanation elements, including KDPs and Observations, were also rated positively,
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Phase 1: Prelimi y Decomposition Evaluation
Logically consistent decomposition 4
Correct abstraction level { 2 ERN 5|
Distinct responsibilities - 3 2 I
Sufficient completeness 4 2 2 I
Includes unrelated responsibilities* 4 I
KDPs help validate / understand 4 2 1 3 “
Observations & Additional info provide context - 2 ERN 5 |
Valid & compliant with system design & standards 4

11109 8 7 6 54 3 210123 45¢6 7891011
Number of Participants (Counts)
B Strongly Disagree Disagree Neutral Agree B Strongly Agree

Figure 7.1: Phase 1: Benchmark Evaluation Results. Reverse-coded statements
are marked with an asterisk (x).

although with slightly weaker consensus than the core decomposition-quality dimen-
sions.

These results should be interpreted in relation to the benchmark setup. Since all
participants assessed the same generated decomposition and were unfamiliar with
the specific system context, the results primarily indicate perceived plausibility and
structural clarity rather than verified correctness in the original engineering context.
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Phase 2: Contextual Evaluation Results

Phase 2 evaluated the artefact in a contextual setting, where participants assessed
the workflow using requirements from their own domain. Unlike Phase 1, this phase
included the intermediate support components used to ground and guide the final
decomposition. The results are therefore presented by artefact component: the PSE
Summary Agent, the RAG Agent, the KG-RAG Agent, and the final generated
decomposition.

Summary Agent

The Summary Agent was evaluated with respect to the accuracy and relevance of
the generated PSE summary. The results are shown in Figure 7.2.

Phase 2: Summary Agent Evaluation

Summary is accurate 1 1 a -
Summary captures relevant details 4 2 11 -

1110 9 8 7 6 5 4 3 2 1 0 1 2 3 4 5 6 7 8 9 1011

Number of Participants (Counts)

mmm Strongly Disagree Disagree Neutral Agree B Strongly Agree

Figure 7.2: Summary Agent Assessment.

The Summary Agent received a positive assessment overall. Participants most
strongly agreed that the generated PSE summary was accurate, with no disagree-
ment on this item. The relevance of the summary was also assessed positively by
most participants, although this dimension showed more variation with two partic-
ipants disagreeing.

RAG Agent Results

The RAG Agent was evaluated with respect to the correctness and relevance of
the suggested principles, as well as its ability to facilitate identification of relevant
standards. The results are shown in Figure 7.3.

The RAG Agent results were moderately positive overall, with more neutral re-
sponses than the Summary Agent. For correctness and standards identification, six
participants agreed or strongly agreed, while the remaining responses were neutral.
Relevance showed the most variation, with six participants agreeing or strongly
agreeing, two neutral responses, and two disagreement responses.
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Phase 2: RAG Agent Evaluation

RAG Principles are correct - 4 2 -
RAG Principles are relevant - 2 2 3 -
RAG facilitates identifying standards - 4 3 -

9 8 7 6 5 4 3 2 1 0 1 2 3 4 5 6 7 8 9
Number of Participants (Counts)

Il Strongly Disagree Disagree Neutral Agree Il Strongly Agree

Figure 7.3: RAG Agent Regulatory Standards Mapping Evaluation.

KG-RAG Results

The KG-RAG Agent was evaluated with respect to its ability to provide useful
context from historical decompositions. The results are shown in Figure 7.4.

Knowledge Graph RAG Evaluation

KG-RAG Output provides enough context - 2 2 2 I
Historical decompositions are relevant - 4 2 -
Facilitates identification of historical decompositions I 1 3 2 -

8 7 6 5 4 3 2 1 0 1 2 3 4 5 6 7 8

Number of Participants (Counts)

mmm Strongly Disagree Disagree Neutral Agree B Strongly Agree

Figure 7.4: KG-RAG Context and Historical Decomposition Evaluation.

The KG-RAG results were the most mixed among the intermediate support compo-
nents. The item concerning identification of relevant historical decompositions re-
ceived five agreement or strong-agreement responses, alongside three neutral and two
disagreement responses. The relevance of the suggested historical decompositions
was more evenly distributed, with four agreement or strong-agreement responses,
four neutral responses, and two strong-disagreement responses. The weakest result
concerned whether the KG-RAG output provided enough context to understand
the retrieved historical decomposition, where disagreement responses outnumbered
agreement responses.

Decomposition Results

The final decomposition output was evaluated with respect to logical consistency,
abstraction level, overlap, completeness, functional relevance, explanatory support,
and technical validity. The results are shown in Figure 7.5.
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Phase 2: Consolidated Outputs Evaluation

Final decomposition is consistent - 2 11 “
Correct abstraction level { 5 3 EHE
Distinct responsibilities - 2 3 4 n
Sufficient Completeness - 2 2 3 n
Includes unrelated responsibilities* 4 1 2
KDPs help validate / understand - 1 (1 3 “
Observations & Additional info provide context - 1 4 “

Valid & compliant with system design & standards 1 3 1 “

11109 8 7 6 54 3 2 10123456 7 8 91011
Number of Participants (Counts)

B Strongly Disagree Disagree Neutral Agree B Strongly Agree

Figure 7.5: Phase 2 Decomposition Assessment. Reverse-coded Statement are
marked with an asterisk ().

The final decomposition output received a generally positive assessment across most
evaluated dimensions. Participants tended to assess the generated decomposition
as logically consistent, sufficiently complete, technically valid, and not introducing
unrelated functional responsibilities. The explanatory support elements, including
KDPs and Observations, were also evaluated positively. The abstraction-level results
showed weaker consensus, indicating more uncertainty around whether the generated
sub-requirements consistently matched the intended level of detail.

TAM Results

The TAM-related questions evaluated participants’ perceived intention to use the
tool, willingness to recommend it, expected quality improvement, interaction intu-
itiveness, and perceived training effort. The results are shown in Figure 7.6.

Intend to use in future 2 3 —
Would recommend to team q 2 3 —
Improves decompositions quality 1 1 a —
Intuitive to interact with 2 5 _
Requires significant training* 4 _ 3 4

0 9 8 7 6 5 4 3 2 1 0 1 2 3 4 5 6 7 8 9 10
Number of Participants (Counts)

Wl Strongly Disagree Disagree Neutral Agree mmm Strongly Agree

Figure 7.6: TAM Usability and Adoption Trends. Reverse-coded Statement are
marked with an asterisk ().

The TAM-related results showed a positive response pattern for potential adop-

tion. Eight participants agreed or strongly agreed that they would use the tool if
integrated into the RMS, recommend it to colleagues, and found the interaction
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intuitive. The expected quality-improvement item also received eight agreement
or strong-agreement responses, with one neutral and one disagreement response.
For the reverse-coded training-effort item, no participants agreed that substantial
training would be required.

Phase 3: Open-Ended Questions

The open-ended questions within the final evaluation, as can be seen in Appendix
C, focused on six aspects of the artefact:

o The artefact’s role as a collaborative partner
e The effect of reduced context-switching

o Perceived safety-critical risks

» Suggested improvements

o Trust in correction-based learning

o Any additional comments

In this section, the participants’ responses are grouped into recurring themes. The
themes capture how participants described the artefact’s role in the decomposition
workflow, where they saw potential risks, and which improvements they considered
relevant for practical use.

Theme 1: Additional Decomposition Perspectives

A recurring pattern in the open-ended responses was that participants valued the
artefact for providing an additional perspective on the decomposition task. Several
participants framed this as a second opinion or complementary input (P1, P13).
Others described using the tool after an initial interpretation to compare and refine
the decomposition (P9, P15). Participants also highlighted its ability to surface
related structures and insights not readily available from existing tools (P6, P10,
P12). Overall, the artefact’s value was linked to comparison and reflection, enabling
alternative interpretations of the decomposition task.

At the same time, this perspective was expected to remain subject to human judge-
ment. Participants emphasised that outputs should be reviewed and adapted rather
than used as a source of truth (P6, P13). P10 also expressed uncertainty regarding
how context-selection decisions influence the generated output.

Theme 2: Reduced Context-Switching Through Embedded
Retrieval

Most participants described the integration of retrieval and decomposition within a
single workflow as useful. P10 linked the combined workflow to improved efficiency,
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stating that it would make engineers “save time and be more efficient in doing the
breakdown.” P13 expressed a similar view, stating that having retrieval and decom-
position within the same workflow would improve the process. P6 also emphasised
this benefit and related it to current work practices, describing the existing RMS as
slow when switching between information sources.

However, participants also highlighted limitations to this benefit. P1 emphasised
that usefulness depends on how quickly the workflow can be completed, noting
that multiple steps, confirmations, and loading times may reduce its practicality
for lightweight tasks. P1 also pointed out that retrieved standards and historical
decompositions may be excessive for simpler requirements.

The relevance of reduced context-switching also varied across participants. For
example, P9 did not describe separate information search as a major issue in their
current workflow.

Theme 3: Risks in Safety-Critical Use

Participants identified several potential risks related to using the artefact in pro-
duction. A recurring concern was that users may rely too heavily on the generated
output. P1 described this as a risk that users may begin to rely on the tool com-
pletely and “stop thinking” themselves. P5 and P6 expressed similar concerns,
emphasising the need for manual review and continued human responsibility, par-
ticularly in production contexts. P15 also noted that they would not fully trust the
generated output and that resulting requirements should be reviewed by responsible
engineers or teams before use.

P13 raised a related issue, stating that users may copy generated text into the
official requirement tool without fully reading or understanding it. P13 also noted
that this behaviour is not unique to the artefact, as similar practices may occur
with general-purpose LLM chatbots. In addition, P13 described that keeping the
assistant separate from the production requirement tool may introduce beneficial
friction that encourages users to review the output more carefully.

Other risks concerned the contextual validity of the generated decomposition. P9
emphasised that the model may lack access to recent internal updates, which could
result in suggestions based on outdated practices. P12 described limitations in the
tool’s contextual understanding, including difficulty distinguishing between system
functions, abstraction levels, and applicability of retrieved information.

P14 identified a different type of risk related to the presentation of generated out-
put. They noted that even when the decomposition is technically correct, excessive
verbosity may make it harder to interpret, as requirement texts need to be read and
understood efficiently by the receiving engineer.

Overall, participants described risks related to overreliance, insufficient review, out-
dated context, and challenges in interpreting and assigning the generated output.
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Theme 4: Workflow Support and Perceived Usability

Participants raised multiple aspects related to how the artefact was perceived to sup-
port the decomposition workflow. As participants were guided through the workflow
rather than operating the interface independently, these findings concern perceived
usability.

Several suggestions concerned output presentation. P1 proposed shorter and more
overviewable outputs, with the possibility of switching between a quick mode and a
more detailed mode depending on the complexity of the requirement. P14 similarly
emphasised the need for more concise outputs, noting that most artefact outputs
contained more text than they would have desired. They highlighted the importance
of keeping requirement descriptions efficient to read and interpret. P9 also proposed
adding a simple flowchart or progress indicator showing the number of steps and the
user’s current position in the process.

In contrast, some participants raised positive points about the current workflow,
for example P12 who perceived the tool as intuitive and easy to use during the
walkthrough.

These suggestions reflect a focus on improving clarity and efficiency in how users
understand, navigate, and interpret the generated outputs during decomposition.

Theme 5: Context Awareness and Decomposition Targeting

Participants suggested improvements related to how the artefact identifies, inter-
prets, and uses contextual information during decomposition.

The most concrete improvement concerned receiver or PSE identification. P9 and
P10 both argued that the tool should help determine where generated sub-requirements
should be sent. P9 described the lack of PSE identification as a major blocker, while
P10 suggested that the artefact could use existing requirement data to recommend
potential receivers.

P14 raised a related concern regarding system context and decomposition posi-
tioning. They described uncertainty about where in the system hierarchy the de-
composition was performed and how the generated sub-requirements relate to the
surrounding system architecture. P12 expressed a similar concern, emphasising limi-
tations in distinguishing between system scopes, abstraction levels, and applicability
of retrieved requirements.

Several participants also emphasised the use of requirement attributes and meta-
data. P9 argued that requirements that are not safety- or legally relevant should
not trigger unnecessary standards retrieval. P6 raised a related concern from the
generation perspective, questioning whether requirements with different Automotive
Safety Integrity Level classifications should result in different decompositions.

Scalability was also raised as a concern. P9 connected metadata use to handling
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larger volumes of requirements. P14 similarly suggested that the tool should support
working with collections of requirements, such as folders or requirement sets, rather
than only individual inputs.

Finally, P9 proposed that the tool should identify weak or poorly formulated input
requirements before decomposition begins, allowing them to be revised prior to
further decomposition.

Theme 6: Trust in Correction-Based Learning

Participants were asked whether they would trust a system that learns from user
corrections to support future requirements decomposition tasks. The responses were
mixed.

Several participants expressed strong support for this functionality, including P9,
P6, P13, and P12. P9 described learning from corrections as a way to improve
consistency across engineers, particularly where decomposition practices vary. P6
similarly supported the idea of continuous learning from user input, while empha-
sising the need to maintain alignment with an underlying ground truth. P13 also
viewed this as a key advantage of internal tools, where organisational data can be
used to improve model behaviour.

Other participants expressed more cautious or conditional trust. P10 agreed with
the concept but not strongly. P5 stated that such functionality would be acceptable
if manual review remains part of the process. P15 described using such a system
to obtain suggestions, but not fully trusting the output. P1 was the most cautious,
particularly regarding the reuse of learned corrections across users.

Overall, participants described both potential benefits and limitations of correction-
based learning, with some emphasising improved consistency and others expressing
the need for manual review and careful use of learned knowledge.
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Discussion

This chapter interprets the evaluation results in relation to the research questions,
the artefact design, and threats to validity.

8.1 Answering RQ1: Combined Results from In-
terviews and Evaluation

The first research question concerned the perceived benefits and limitations of using
LLM-based assistants to support requirements decomposition in automotive soft-
ware development. As presented in Chapter 5, this question was primarily addressed
through the interview study conducted during the relevance cycle. The purpose of
revisiting RQ1 in this chapter is therefore not to re-answer the question indepen-
dently, but to examine how the findings from the final evaluation align with, refine,
or complicate the interview-based results.

The interview results indicated that the main expected benefit of an LLM-based
decomposition assistant was not full automation of RE work, but support for cog-
nitively demanding and repetitive parts of the decomposition process. The final
evaluation aligns with this view, as participants generally assessed the artefact pos-
itively with respect to decomposition support and potential future use. Qualitative
responses further framed the artefact as a reasoning aid or supporting partner,
where generated outputs were compared against the engineer’s own interpretation
rather than accepted as final results. Several participants described value in us-
ing the workflow to explore alternative decomposition perspectives, support review
activities, and surface contextual information relevant to the decomposition task.
This aligns with prior RE research suggesting that LLM-based support is most use-
ful when positioned as an expert-support mechanism rather than an autonomous
replacement for engineering judgement [13, 55, 65].

The final evaluation also reinforced the importance of contextual grounding, which
was a central limitation identified during the interviews. In the relevance cycle, par-
ticipants emphasised that decomposition depends on system knowledge, standards,
historical architectural decisions, and an understanding of the intended abstraction
level. The evaluation results suggest that the artefact addressed parts of this need,
particularly through the PSE Summary Agent, which received a positive assess-
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ment. The RAG Agent was also assessed positively overall, although with more
variation. This shows that participants valued grounding the decomposition work-
flow in system context and standards-related information. This is consistent with
prior work showing that grounding mechanisms such as retrieval augmentation and
structured contextualisation can improve the relevance of LLM-generated engineer-
ing artefacts [30, 59]. However, this benefit was not unconditional. Some qualitative
responses highlighted that the usefulness of integrated retrieval depends partly on
how efficiently contextual information can be incorporated into the workflow. These
participants raised concerns regarding excessive steps, verbosity, and the amount of
retrieved information, particularly for simpler decomposition tasks.

Even when contextual information is available, the final evaluation indicates that its
usefulness depends on relevance and interpretability. This was most visible in the
KG-RAG results, where responses were mixed regarding the relevance of historical
decompositions and the amount of context provided for interpreting them. This
refines the interview-based limitation regarding lack of domain context: retrieving
semantically similar historical artefacts is not sufficient by itself. For historical reuse
to support decomposition work, engineers also need contextual information that
explains why a previous decomposition is relevant, under which system assumptions
it was created, and how it relates to the current requirement.

The final evaluation was also consistent with the interview finding that abstraction-
level judgement remains difficult. Participants generally assessed the decompo-
sitions positively, but abstraction-level fit showed weaker consensus than several
other quality dimensions. This supports the interpretation that LLM assistance
can help structure decomposition work, while expert judgement remains necessary
for determining the appropriate level of detail. This also reflects findings from
decomposition-oriented research, where abstraction-level transitions and hierarchy
interpretation remain difficult even when structured prompting or decomposition
guidance is provided [57, 58]. Qualitative responses reinforce this point by high-
lighting overreliance risks and the importance of maintaining critical evaluation of
generated outputs, particularly in production-oriented contexts.

Taken together, the final evaluation supports the interview-based answer to RQ1:
LLM-based assistants appear valuable when used as human-in-the-loop support for
drafting, structuring, and reviewing decompositions. Their usefulness remains con-
ditioned by the availability, relevance, and interpretability of contextual information,
the difficulty of abstraction-level judgement, and the need for expert validation.

8.2 Interpreting Output Quality Through Require-
ments Quality Attributes

Table 7.2 connects the questionnaire items to requirements quality attributes adapted
from Denger and Olsson [10], including correctness, consistency, completeness, right
level of detail, comprehensibility and alignment with external constraints.
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Correctness and consistency. Correctness and consistency were among the
strongest quality dimensions. In Phase 1, all participants assessed the benchmark
decomposition as logically consistent with the input requirement, while Phase 2 also
showed a generally positive assessment, though with less complete agreement. This
difference may be explained by the contextual nature of Phase 2, where participants
judged the output against domain knowledge, system constraints, and technical ex-
pectations. The results suggest that the artefact often produced decompositions
that were perceived as structurally coherent and consistent with the parent require-
ment. However, perceived consistency should not be interpreted as proof of domain
correctness.

Completeness. Completeness was assessed positively overall, with participants
generally considering the generated sub-requirements sufficient for fulfilling the in-
put requirement. However, completeness was evaluated through expert judgement
rather than comparison with a verified reference decomposition. The results should
therefore be interpreted as evidence that the decompositions appeared sufficiently
complete to participants during evaluation, not as proof that they were exhaustively
complete.

Right level of detail. Right level of detail was one of the more uncertain quality di-
mensions. Although participants generally assessed the generated sub-requirements
positively, abstraction-level fit showed weaker consensus than several other dimen-
sions. This aligns with the interview findings, where level ambiguity and inconsistent
detail were identified as central challenges in manual decomposition.

This result highlights that abstraction-level appropriateness is not purely linguistic.
It depends on architectural knowledge, system boundaries, ownership, and the in-
tended downstream use of the requirement. The artefact can support this judgement
through hierarchy guidance and structured decomposition, but the evaluation does
not show that it can determine the correct level of detail without domain-specific
interpretation.

Comprehensibility. Comprehensibility was reflected in the evaluation of KDPs,
Observations, and contextual information from the retrieval components. These
elements were generally perceived as useful for understanding and reviewing the
proposed decomposition. However, some participants noted that excessive verbosity
in generated outputs can reduce clarity and make requirements harder to interpret,
even when technically correct.

The KG-RAG results show that retrieved context is not automatically comprehen-
sible. Historical decompositions require sufficient surrounding information for en-
gineers to judge how they relate to the current requirement and whether they are
reusable.

Alignment with external constraints. Participants tended to assess the outputs
as technically valid and aligned with relevant safety or technical standards, partic-
ularly in relation to the RAG Agent’s role in surfacing standards-related principles.
However, responses were not uniformly positive, and the evaluation does not consti-
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tute formal compliance verification. The results support standards-oriented retrieval
as a useful design direction, while final responsibility for compliance remains with
domain experts and established engineering processes.

Taken together, the artefact was perceived positively with respect to correctness,
consistency, functional relevance, and explanatory support. The more uncertain
dimensions were right level of detail and contextual comprehensibility for histori-
cal decomposition reuse. These findings provide the basis for discussing RQ2: the
artefact’s design choices were perceived as supporting several important quality at-
tributes, but their usefulness depended on contextual grounding, transparent re-
trieval, and expert review.

8.3 Answering RQ2: Design Choices and Expert-
Perceived Decomposition Quality

RQ2 is answered based on expert evaluation of the integrated artefact. Since no
ablation study was conducted, the findings do not isolate causal effects of individ-
ual components. Instead, they show how participants perceived different design
mechanisms as supporting or limiting decomposition quality within the combined
workflow.

The PSE Summary Agent

The positive evaluation of the PSE Summary Agent suggests that this design choice
addressed part of an important limitation identified during the interviews. Re-
quirements decomposition in the automotive domain is difficult to perform from the
input requirement alone, because interpretation often depends on system bound-
aries, architectural knowledge, terminology, and existing functional constraints. By
summarising relevant PSE information before decomposition, the artefact provided
additional context that participants could use to assess whether the generated re-
quirements were meaningful for their system. This is consistent with qualitative
feedback emphasising the importance of understanding system context and decom-
position positioning when interpreting requirements.

This design choice was perceived as supporting the conditions under which cor-
rectness, completeness, and right level of detail could be assessed. However, its
usefulness depends on the summary being accurate and relevant. The PSE Sum-
mary Agent should therefore be understood as a contextual support mechanism, not
as a guarantee of correct decomposition.

Several qualitative responses emphasised the importance of identifying the intended
decomposition target and surrounding system scope during decomposition. This
suggests that contextual grounding is important not only for interpreting require-
ments, but also for determining how generated sub-requirements relate to the sur-
rounding system hierarchy.
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The RAG Agent

The RAG Agent was intended to ground the decomposition process in relevant
standards and principles. Participants generally perceived this as useful, particularly
for surfacing standards-related considerations relevant to the decomposition task.
This suggests that RAG can support decomposition quality by introducing external
constraints into the workflow, especially in a regulated automotive context.

However, the results were not unanimously positive for relevance. This can either
indicate that retrieving standards-related information is not sufficient by itself or
that the RAG corpus did not include the standard in the first place. The retrieved
principles still need to be interpreted and connected to the specific decomposition
task. RAG should therefore be treated as a mechanism for surfacing potentially
relevant constraints, not as evidence of compliance.

Several participants also suggested that retrieval mechanisms should adapt more
explicitly to requirement context and metadata, for example by considering safety
relevance, legal applicability, or decomposition scope when selecting supporting in-
formation.

The KG-RAG Agent

The evaluation suggests that the KG-RAG Agent showed some ability to surface
historical decompositions, but that participants were less convinced about the rele-
vance and interpretability of the retrieved examples. The surrounding context was
not consistently considered sufficient for evaluating how those historical decomposi-
tions should be applied.

This distinction is important for RQ2. Historical decomposition reuse may support
quality, but only when retrieved examples include enough surrounding context. A
previous decomposition is not self-explanatory; its relevance depends on system ver-
sion, architectural assumptions, ownership boundaries, and rationale. This aligns
with qualitative feedback indicating that historical decompositions are difficult to
interpret without additional context regarding system scope, assumptions, and in-
tended application.

The KG-RAG design choice therefore appears promising, but incomplete in its cur-
rent form. Future versions should not only retrieve similar historical decompositions,
but also inform why they are similar, what assumptions they depend on, and which
parts are reusable for the current requirement.

Hierarchy Rules and Structured Prompt Orchestration

The positive results for logical consistency, functional relevance, and completeness
are consistent with the intended role of hierarchy rules and structured prompt or-
chestration: to constrain the generated output and make the decomposition more
inspectable. However, because the artefact was evaluated as an integrated workflow,
these results cannot be attributed to these mechanisms in isolation.
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The weaker consensus on abstraction-level fit shows the limit of this type of struc-
tural control. The results additionally suggest that structural guidance alone is
insufficient when the intended decomposition target or surrounding system scope
remains ambiguous. Hierarchy rules may reduce obvious level mismatches, but they
cannot fully encode organisational conventions, architectural boundaries or knowl-
edge. This further supports the interpretation that requirements decomposition
cannot be treated as a purely deterministic transformation process, but instead
depends on contextual engineering interpretation [63, 64].

Explanatory Output and Human Validation

KDPs, Observations, and Additional Information were included to make the gen-
erated decomposition more inspectable. Their positive evaluation suggests that
participants valued explanatory support alongside the generated sub-requirements.
Additionally, some participants described these explanatory elements as supporting
comparison and reflection, reinforcing the role of the artefact as a reasoning aid
rather than an authoritative source.

In this sense, human validation is supported through artefact transparency rather
than added only as a separate final step. The tool provides structured candidate
outputs, while the engineer remains responsible for judging correctness, relevance,
and acceptance. Qualitative responses also highlighted concerns regarding over-
reliance and reduced critical review if generated decompositions are accepted too
readily, reinforcing the importance of inspectability and human validation within
the workflow.

Summary of RQ2 Findings

Overall, the evaluation suggests that the artefact’s design choices were perceived as
supporting decomposition quality through contextual grounding, structural control,
and inspectability. PSE summarisation and RAG supported system- and standards-
related grounding, while hierarchy rules and structured orchestration were consistent
with the goal of constraining the generated decomposition. KG-RAG showed poten-
tial for historical reuse, but also revealed that retrieved examples require stronger
contextual explanation.

Since the evaluation assessed the integrated artefact, these findings should not be
interpreted as causal evidence for individual components. Rather, they indicate
that the combined workflow was perceived as useful for supporting expert-led re-
quirements decomposition. Overall, the findings reinforce broader RE literature
suggesting that contextual grounding, inspectability, and human validation are cen-
tral design requirements for industrial LLM-assisted engineering workflows.

8.4 Threats to Validity

This section discusses threats to validity and the measures taken to mitigate them.
The threats are categorised into reliability, construct validity, internal validity, ex-
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ternal validity, and conclusion validity.

Reliability

Reliability concerns whether the study could be repeated with comparable results.
A central threat is the non-deterministic nature of LLM-based systems, where the
same input may produce different outputs. This was mitigated through structured
prompts, predefined workflow steps, and fixed technical parameters where possible,
although output variation cannot be fully eliminated.

Another reliability threat concerns the qualitative interview analysis. Since thematic
coding involves interpretation, both authors reviewed and synthesised the interview
findings. This helped maintain consistency and traceability between interview data,
DOs, and evaluation criteria.

Construct Validity

Construct validity concerns whether the study measures the intended concepts. In
this study, requirement quality was assessed through expert judgement rather than
a verified ground-truth decomposition. As a result, the evaluation measures per-
ceived correctness, completeness, consistency, and usefulness, not formally proven
requirement quality.

To mitigate this, the questionnaire was mapped to requirements quality attributes
adapted from Denger and Olsson [10], as shown in Table 7.2. However, the results
should still be interpreted as expert-perceived quality rather than objective verifi-
cation.

The same limitation applies to productivity and adoption. Participants evaluated
the tool’s perceived usefulness and future adoption potential, but the study did not
measure long-term productivity effects in an operational setting.

Internal Validity

Internal validity concerns whether the findings can be attributed to the studied arte-
fact. A key limitation is that the final evaluation assessed the integrated artefact
as a whole, without conducting an ablation study to isolate the individual effects of
PSE summarisation, RAG, KG-RAG, hierarchy rules, or structured prompt orches-
tration, or how these components interact.

Furthermore, the observed behaviour of the artefact results from the interaction
between the underlying language model and the surrounding workflow design, in-
cluding retrieval, contextual grounding, and prompt orchestration. This makes it
difficult to disentangle whether improvements in perceived output quality are due
to specific design mechanisms, the provided context, or the capabilities of the LLM
itself.

Therefore, the study cannot make strong causal claims about individual components.
Instead, the results indicate that the combined workflow was perceived as useful and
that its outputs were generally assessed positively by domain experts.
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Researcher involvement is another threat. The authors designed the artefact, con-
ducted the evaluation, and interpreted the results. This was mitigated through a
structured evaluation protocol, predefined questionnaire items, and explicit mapping
between evaluation questions and quality attributes. Participants also did not op-
erate the prototype independently; the researcher executed the workflow during the
sessions. This ensured consistent execution, but limits conclusions about everyday
usability and independent tool use.

Finally, another internal validity consideration concerns variation in evaluation dif-
ficulty between participants. During Phase 2, participants selected their own re-
quirements for decomposition evaluation. Some intentionally selected particularly
difficult or atypical requirements in order to stress-test the artefact under challeng-
ing conditions. In one case, the selected requirement depended heavily on external
legal context that was not explicitly present in the requirement itself. In another
case, a participant later considered the selected requirement too difficult to evalu-
ate confidently within the scope of the session, and the corresponding Phase 2 and
Phase 3 responses were therefore treated as neutral. These differences in requirement
complexity likely contributed to variation in participant assessments and should be
considered when interpreting the evaluation results.

External Validity

External validity concerns whether the findings transfer to other contexts. The
study was conducted exclusively at Volvo Cars, using company-specific require-
ments, terminology, hierarchy rules, and domain knowledge. The empirical findings
are therefore context-dependent and cannot be assumed to generalise directly to
other organisations or domains.

However, the artefact architecture is not entirely Volvo-specific. Design mechanisms
such as standards-oriented RAG, KG-RAG for historical reuse, structured orches-
tration, and HITL validation are conceptually transferable. What must be adapted
is the local requirement hierarchy, terminology, source documents, and decomposi-
tion rules.

The study therefore supports analytical transferability rather than statistical gener-
alisability. Similar workflows may be applicable in other engineering contexts, but
further studies are needed to evaluate whether the observed benefits and limitations
hold outside the Volvo Cars case.

8.5 Ethical Considerations

Interviews

Ethical considerations were addressed by following the principles of informed con-
sent, confidentiality, beneficence, and other recommendations presented by Strand-
berg [75]. The following steps were taken:

e Informed Consent: Participants were informed through a consent form sent
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out with the confirmation of the booked interview slot. The form clearly stated
the purpose, the voluntary nature of participation, the right to withdraw, and
how the data will be used. Consent was taken at the time of the interview and
recorded.

o Confidentiality: Participants were assured that names and any identifying
information would be removed from the transcripts. Only relevant domain
experience in year ranges were kept. Any sort of publications would only use
aggregated findings, anonymised quotations or pseudonyms.

o Data handling: Recordings and transcripts were stored on the company
server with only the two interviewers and participant having access. Upon
completion of the transcript, it was validated by the participant. Upon val-
idation, the original recording was deleted, transcripts were retained and
anonymised for research in agreement with the obtained consent.

o Researcher skill: Both researchers practised interview techniques through
past experience and the pilot study to ensure competence.

Generative Al

The use of LLMs in the artefact introduced ethical considerations related to data
governance and responsible use. The development was conducted using a company-
approved enterprise LLM service within the approved research setting. When inter-
nal requirements, PSE information, or historical decomposition examples were used
as LLM input, this was done within the approved setting.

A further ethical consideration concerns responsible use of LLM-generated outputs.
Prior work on LLM-assisted software development suggests that interactions with
LLMs can introduce or amplify cognitive biases, including preference for automated
suggestions and reduced scrutiny of generated outputs [76]. In this study, this risk
is relevant because generated decompositions may appear coherent and structured
even when they are incomplete, outdated, or incorrectly scoped. To reduce this risk,
the artefact presents outputs as candidate decompositions together with contextual
and explanatory information intended to support critical inspection.

Computational sustainability was also considered during the artefact design. LLM
inference has measurable computational and energy costs, particularly as models are
repeatedly invoked in practical workflows [77]. The workflow limits the amount of
context passed to the final generation step. This was intended to reduce unnecessary
token usage and computational cost.

Use of generative Al

LLM-based generative Al tools were used in two contexts within this study. First,
large language models were part of the artefact itself, where they were used to
generate candidate requirements decompositions and related outputs. As a result,
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the artefact’s behaviour depends on the underlying model, which is non-deterministic
and sensitive to prompt structure, model version, and parameter settings.

Second, Al-assisted tools were used during implementation and thesis writing, mainly
for debugging, code suggestions, and grammar improvements. Since such tools may
produce incorrect or misleading outputs, their use was limited to support purposes.
All thesis content was written and reviewed by the authors, and Al-generated sug-
gestions were carefully checked before acceptance.

The use of these tools may still have influenced implementation decisions and word-
ing, which should be considered when interpreting the reproducibility of the study.
In addition, the use of generative Al in safety-critical contexts introduces a risk
that plausible but incorrect outputs may be accepted without sufficient scrutiny.
This reinforces the importance of maintaining human oversight and validation in
the workflow.
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Conclusion

Requirements decomposition in automotive software engineering is a complex and
context-dependent activity that requires architectural understanding, abstraction-
level judgement, and domain expertise. The findings of this thesis suggest that LLM-
based assistants can provide meaningful support for requirements decomposition
when positioned as expert-assist tools rather than autonomous generation systems.
The study indicates that decomposition support depends less on fluent requirement
generation alone and more on whether generated outputs are grounded in relevant
context, structured for review, and kept within a human-in-the-loop workflow.

With respect to RQ1, the study found that LLM-based assistants can support re-
quirements decomposition by reducing cognitive effort, supporting initial drafting,
retrieving contextual information, and providing alternative decomposition perspec-
tives during refinement. Participants valued the artefact as a way to generate can-
didate decompositions that could be inspected, compared, and refined. The findings
also suggest that such support can reduce context-switching and improve access to
relevant engineering knowledge during decomposition activities. At the same time,
the results showed that decomposition support remained highly sensitive to the qual-
ity, relevance, and interpretation of the available context. The most important lim-
itations concerned abstraction-level judgement, incomplete contextual understand-
ing, decomposition rationale verbosity, overreliance risks, and the continued need
for engineers to critically review generated outputs before reuse in safety-critical
engineering contexts.

Regarding RQ2, the findings further showed that design choices related to contex-
tual grounding, hierarchy guidance, structured prompt orchestration, and explana-
tory outputs positively influenced expert-perceived decomposition quality. These
mechanisms improved contextual alignment, reviewability, and decomposition con-
sistency. The findings additionally suggest that useful decomposition support de-
pends not only on textual understanding, but also on awareness of system hierarchy;,
subsystem responsibilities, and surrounding engineering context. Overall, contex-
tual grounding and orchestration appeared more important to perceived usefulness
than standalone language generation capability.

Participants generally perceived the artefact as most useful as a reasoning aid or
second opinion rather than an autonomous decomposition system. The study also
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indicates that requirements decomposition cannot be treated as a purely determinis-
tic transformation problem. Decomposition practices and expectations varied across
engineers and contexts. Participants described decomposition as partially subjec-
tive and dependent on engineering experience, subsystem perspective, and workflow
context.

Expectations regarding workflow behaviour and output presentation also differed be-
tween participants. Some preferred more detailed contextual support, while others
emphasised concise and efficient interaction. These findings reinforce the impor-
tance of HITL workflows where generated outputs remain reviewable, controllable,
and subject to expert validation. LLM-based assistants should therefore be under-
stood as decision-support tools for expert-led decomposition rather than sources of
accepted requirements.

Although the proposed artefact improved contextual support and decomposition
consistency in several areas, abstraction-level management remained a persistent
challenge. In some cases, generated requirements were still perceived as either too
abstract or too detailed relative to the intended target level. The findings addition-
ally suggest that industrial usefulness depends not only on decomposition quality,
but also on workflow integration, usability, and how contextual support is incorpo-
rated into existing engineering practices.

Future work could investigate more context-aware decomposition workflows with
stronger understanding of system hierarchy, subsystem responsibilities, and sur-
rounding engineering context. This includes retrieval and orchestration mechanisms
that adapt contextual grounding based on requirement metadata, safety relevance,
legal constraints, or decomposition target. Additional research could explore learn-
ing mechanisms based on user corrections and organisational decomposition prac-
tices, as well as improved abstraction-level reasoning and contextual targeting during
decomposition.

Another relevant direction concerns broader integration into downstream engineer-
ing activities. Several participants highlighted the importance of architectural con-
text and traceability throughout the development process. This highlights opportu-
nities for workflows that support generation of additional downstream artefacts such
as verification activities, test cases, or implementation-related engineering documen-
tation. Longitudinal industrial deployment studies could additionally help improve
understanding of how such tools are adopted, trusted, and incorporated into real-
world requirements engineering workflows over time.
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Appendix 1: Prompt Engineering
Principles and Techniques

This appendix summarises prompt engineering techniques considered during the
design of the artefact. The additional details below document techniques that in-
formed implementation-level prompt design. The techniques summarised in Ta-
ble A.1 are based on established prompt engineering concepts such as structured
instructions, examples, role prompting, constraints, and structured output specifi-
cations [12, 13, 28, 29].

Table A.1: Prompt Engineering Techniques Considered in the Artefact Design.

Technique

Purpose

Use in the artefact

Direct instructions
and action verbs

Clarify the intended model
behaviour.

Used to specify tasks
such as summarising con-
text, preserving intent,
and generating candidate
lower-level requirements.

Persona-based

Frames the model response
towards a specific profes-
sional role.

Used where appropriate to
orient the model towards
RE and automotive engi-
neering terminology.

prompting
Separation of
prompt compo-
nents

Distinguishes instructions,
user input, retrieved con-
text, constraints, and out-
put requirements.

Used in structured prompt
orchestration to reduce am-
biguity between contextual
sources.

Few-shot prompt-
ing

Provides examples of the
expected pattern or output
style.

Helps the model infer the
patterns from the examples
for the intended output,
which is especially useful for
domain-specific tasks.

Instructional
guidelines and neg-
ative constraints

Specify what the model
should avoid.

Used to reduce unsupported
assumptions, irrelevant re-
trieved context, and
vented details.

in-

Continued on next page
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Table A.1: Prompt engineering techniques considered in the artefact design. Con-

tinued.
Technique Purpose Use in the artefact
Structured output Constrains the response for- Used to produce candidate
specification mat. requirements, key decision

points, observations, and
additional context in prede-

fined fields.

Applicability filter-
ing

Assesses whether retrieved
information is relevant to
the current task.

Used to reduce noise from
retrieved standards or his-
torical requirements before
final generation.

IT
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Appendix 2: Interview Guide

This appendix presents the interview guide used to gather qualitative data from
systems engineers in the automotive industry. The guide was designed to ensure
consistency across interview rounds and focus on the practical challenges of require-
ments decomposition.

Methodology and Participant Information

e Interview Method: The interviews will be conducted and recorded through
Microsoft Teams. The transcription will be automatically created and adjust-
ments will be made to correct the automated transcript in case of errors by
the interviewers. This corrected transcription will then be validated by the
interviewee to ensure correctness.

o Pilot Interview:Before the interviews a pilot interview will be conducted to
determine the performance of the interview guide and to reach maturity for
the questions. The results for the pilot interview are not included for the final
data analysis. This pilot is done to test the structure, efficacy, and relevance
of the questions asked during the interview.

o Participant Pool: Participants are system engineers from the automotive
industry who are performing requirements engineering.

o Ethics and Communication: Participants are informed of their right to
withdraw consent at any time. Data is handled transparently, with an infor-
mation sheet provided prior to the session.

Interview Structure

This section presents the order of the interview questions.

Welcoming and Ethics Confirmation

Before the main questions, a pre-recorded video is played to ensure consistency and
avoid researcher bias. The following are confirmed on record:

ITT
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o Explicit consent for recording and transcript validation.

o Awareness of data storage and deletion policies.
Demographics

1. Years of experience (YoE) in the company and domain?

2. YoE working specifically with requirements?

3. YoE working with Generative Al (genAl)?

4. Description of current role and professional background.

Main Interview subsections

This section presents the questions for the main part of the interview.

Part 1: General Requirements Decomposition

Definition: Requirements decomposition concerns the practice of creating multiple
sub-requirements from a requirement, typically associated with increased technical
granularity.

1. How are you doing requirements decomposition in your current role?

o When going from e.g., a [higher level] to [lower level], what is your ap-
proach?

e How much time do you spend on requirements decomposition?
2. What are the current challenges with requirements decomposition today?
e Process itself? Collaboration with external partners?

3. Walk me through your first steps when you receive a new requirement. What
do you do first?

e Do you start from a blank state or look at similar requirements?
« What do you do if you are missing domain knowledge?
4. Which standards or guidelines do you use when breaking down a requirement?

5. How do you determine when a requirement has been sufficiently broken down?

Part 2: Quality of Requirements

1. How do you ensure that new requirements are of adequate quality?
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e How do you ensure consistency between requirements?
o What challenges do you face when defining unambiguous requirements?
— How do you make sure they are interpreted correctly?

2. How do time and resource constraints impact the level of detail of your re-
quirements?

o What trade-offs do you make between speed and accuracy?

Part 3: Generative Al subsection

1. To what extent do you use generative Al in your daily workflow?
o Which tools specifically?
e Which tools specifically for requirements decomposition?

2. What do you do when you receive generated content that you are not satisfied
with?

o What steps do you take to enhance it (e.g., provide more context/mate-
rial)?

3. How has genAl affected your productivity?

4. Assume there is an ideal Al assistant for requirements decomposition—what
functionalities would you expect?

5. What else would you like to share about the process?
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Appendix 3: Final Evaluation
Questionnaire

This appendix contains the full questionnaire used during the final evaluation of the
artefact.

Demographic Information

1. Years of experience in Volvo Cars and automotive software development
2. Years of experience working with requirements
3. Years of experience working with generative Al in your workflow

4. Description of current role and background

Phase 1: Benchmark Evaluation

Step 1: Input Requirement
1. Are you familiar with this requirement or the associated PSE?
e Yes
« No

2. Can you assess alignment with internal system design for decompositions of
this requirement?

e Yes

« No

VII
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Step 2: Generated Decomposition

Participants were asked to rate the following statements on a 5-point Likert scale
(Strongly disagree, Disagree, Neither agree nor disagree, Agree, Strongly agree):

The sub-requirements are logically consistent with the input requirement
The sub-requirements are at the correct level of abstraction

The sub-requirements have distinct functional responsibilities

The sub-requirements are sufficient to fulfil the input requirement

The sub-requirements include functionalities not related to the input require-
ment

The key decision points help to understand and validate the decomposition
The observations and additional information provide useful context

The decomposition is logically consistent with the input requirement

If applicable:

The outputs are technically valid and compliant with relevant system design
and standards

Phase 2: Contextual Evaluation

Step 1: Requirement Selection

1.

2.

Chosen requirement identifier

Chosen PSE identifier

Participants evaluated:

The generated PSE summary is accurate

The PSE summary captures relevant information for the decomposition

Step 2: RAG Agent Output

VIII

The suggested principles are correct
The suggested principles are relevant for the decomposition

The RAG agent facilitates identification of relevant standards
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Step 3: KG-RAG Agent Output

The provided information is sufficient to understand the historical context
The suggested historical decompositions are relevant

The KG-RAG agent facilitates identification of relevant prior decompositions

Step 4: Final Decomposition

Participants were asked to rate:

The decomposition is logically consistent with the input requirement
The sub-requirements are at the correct level of abstraction

The sub-requirements have distinct functional responsibilities

The sub-requirements are sufficient to fulfil the input requirement

The sub-requirements include functionalities not related to the input require-
ment

The key decision points help to understand and validate the decomposition
The observations and additional information provide useful context

The outputs are technically valid and compliant with relevant standards

Participants also rated:

I would intend to use this tool in future requirements decomposition tasks

I would recommend this tool to colleagues

Using this tool would improve the quality of my requirements decompositions
The tool was intuitive to interact with

Significant training would be required to use this tool effectively

Phase 3: Open-Ended Questions

1.

2.

3.

4.

How do you see this tool as a collaborative partner?
Does the reduced context-switching improve your workflow?
What is the biggest risk of using this tool in a safety-critical project?

What improvements would you suggest?
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5. Would you trust a system that learns from your corrections?

6. Additional comments
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Appendix 4: Implemented
Technical Parameters

Table D.1 summarises selected implementation parameters and architectural mech-
anisms used in the final artefact.

Table D.1: Selected Implementation Parameters and Architectural Mechanisms in

the Implemented Artefact

Component / Pa-
rameter

Configuration

Role in Architecture

RAG chunk context

augmentation

Prepended docu-
ment summaries

Injects document-level context into
embeddings to improve retrieval rel-
evance.

RAG retrieval depth

top_ k=5

Controls the number of retrieved stan-
dards and guideline chunks incorpo-
rated into contextual grounding.

RAG document store

PostgreSQL +
pgvector

Stores embedded standards and guide-
lines chunks for semantic similarity re-
trieval.

KG
depth

seed retrieval

retrieval_top_n

=3

Controls the number of semantically
similar historical requirements used as
graph expansion seeds.

KG requirement store

PostgreSQL +
pgvector

Stores embedded requirement descrip-
tions for semantic similarity retrieval.

tings

top_p = 1, seed =
42

KG graph store Neodj Supports traversal and reconstruction
of historical decomposition relation-
ships.

LLM generation set- | temperature = 0, | Supports more deterministic and re-

producible schema-constrained gener-
ation.

Output schema

Structured schema

Enforces predictable decomposition
structure and output formatting.
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