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Abstract

Regulatory compliance is a critical challenge in engineering product development,
particularly in industries governed by complex and frequently evolving standards.
This research, conducted in collaboration with Volvo Penta, explores the use of
Natural Language Processing (NLP) techniques to automate the classification and
interpretation of regulatory clauses in support of early-stage requirements analysis,
with a focus on ensuring traceability, usability, and transparency in the decision-
making process. The proposed method integrates rule-based preprocessing, domain-
specific keyword enrichment, semantic similarity retrieval using dense embeddings,
and reasoning about individual regulatory statements using large language models
(LLMs). The system is connected to Volvo Penta’s SystemWeaver platform to sup-
port traceable, explainable, and human-reviewable predictions at the clause level.
By automating the identification and interpretation of relevant regulatory content,
the system reduces manual workload, improves consistency, and enables scalable
compliance workflows. Evaluation through both quantitative analysis and expert
feedback indicates strong alignment with human judgment and demonstrates the
system’s value as a decision-support tool in industrial engineering compliance pro-
cesses. While limitations remain in handling edge cases and ambiguous regulatory
language, results suggest that NLP-driven methods can meaningfully support scal-
able, traceable, and more efficient compliance processes in industrial engineering
settings.

Keywords: Natural Language Processing, Regulatory Compliance, Engineering Re-
quirements, Large Language Models, Semantic Embeddings, SystemWeaver, Human-
in-the-Loop.
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1

Introduction

1.1 Problem Description

Product compliance is the decisive gateway between an engineering product and
its target market, governing whether a product can legally be placed on shelves,
installed in the field, or exported across borders [1]. A single misinterpretation of
a clause in, for example, the European Union (EU) Machinery Regulation or the
United States (US) Environmental Protection Agency (EPA) rules can expose a com-
pany to multimillion-euro fines, trigger recalls, or force the scrapping and rework of
entire production lots, resulting in substantial inventory write-offs and downstream
schedule delay [2][3]. Compliance spans a range of regulatory pillars, including elec-
trical and mechanical safety, electromagnetic compatibility, hazardous substances
restrictions (e.g. Restriction of Hazardous Substances (RoHS), the Regulation on
the Registration, Evaluation, Authorisation and restriction of Chemicals (REACH),
energy efficiency, and emerging cybersecurity mandates. For example, the EU RoHS
and REACH directives restrict hazardous materials to protect human health and
the environment [4], the Electromagnetic Compatibility (EMC) Directive ensures
electromagnetic compatibility in electrical products [5], and vehicle regulations such
as United Nations Regulation No. 155 (UN R155) impose mandatory cybersecurity
requirements on connected systems [6].

Because every sales region layers its own directives, harmonised standards, and
guidance documents on top of international frameworks (International Organiza-
tion for Standardization (ISO), International Electrotechnical Commission (IEC),
Underwriters Laboratories (UL), etc.), engineers must routinely screen hundreds of
heterogeneous documents to locate and interpret the handful of clauses that actually
constrain a given product variant [7]. These documents are expressed in free-form
natural language, often with nested lists, exceptions, and cross-references, making
the relevant information difficult to extract systematically [8]. Subject matter ex-
perts therefore spend hundreds of hours reading line by line, extracting obligations
and mapping them to bill-of-material items or evidential links for auditors. The
volume of regulation continues to rise, update cycles are shortening, and the same
manufacturer may now ship dozens of variants into dozens of jurisdictions [9]. Man-
ual review is becoming unsustainable, and the industry increasingly recognises the
need for a systematic, automated approach to regulatory interpretation [10].
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Natural language processing (NLP) provides a technological foundation for such
automation. Classical techniques, such as part-of-speech (POS) tagging, named
entity recognition, and dependency parsing, have already been applied to infor-
mation extraction in legal and architectural domains [11, 12]. Transformer-based
language models such as Bidirectional Encoder Representations from Transformers
(BERT) provide dense semantic embeddings that allow for high precision similar-
ity matching and clustering of conceptually related clauses [13]. Together, these
tools support compliance orientated tasks such as clause classification, requirement
mining, and consistency checking. However, a critical gap remains: Models trained
in homogeneous legal, medical, or software corpora transfer poorly to engineer-
ing standards because vocabulary, document structure, and contextual signals dif-
fer significantly across domains. Engineering texts mention specialised components
(“charge-air cooler”, "pressure relief valve’), physical units, and domain-specific re-
lationships that generic NLP pipelines do not capture out of the box. Consequently,
published compliance automation studies have focused on software licence texts,
privacy regulations, and clinical guidelines, leaving the engineering field largely un-
derexplored [14]. To address this gap, this thesis investigates the application of
domain-adapted NLP techniques for engineering regulatory compliance. The aim
is to explore scalable methods for transforming unstructured regulatory text into
actionable product requirements suitable for traceable and verifiable workflows.

1.2 Purpose of the Study

This thesis is conducted in collaboration with Volvo Penta, a business area within
the Volvo Group that develops engines and power systems for marine and industrial
applications. Volvo Penta currently relies on SystemWeaver, an internal platform
that stores regulatory materials and links them to specific products and projects.
Although SystemWeaver provides organised access to these documents, the task of
translating those standards into clear, actionable requirements remains mostly man-
ual. For each regulatory document, a human expert must review the text, assess its
relevance, and formulate a conclusion that helps guide the engineering team. These
conclusions can be explicit requirements such as "The battery voltage must remain
below 80V’ or statements indicating that a particular standard does not apply. Al-
though SystemWeaver enables traceability and documentation, it does not perform
automated regulatory analysis. As a result, engineers are tasked with manually in-
terpreting regulatory material, frequently needing to reproduce or rephrase standard
sections to extract guidance specific to the product. This process is labour-intensive
and prone to errors.

This research proposes one method for automated regulatory breakdown and inter-
pretation focused on the engineering field, which can provide valuable reference for
product developers and accelerate the product development process. In addition,
considering industrial applications, this study aims to evaluate the trade-off between
interpretability and accuracy between different methods. The method proposed in
this study utilises techniques such as similarity computation and keyword matching
to retrieve standard terms applied to specific projects. After that, large language
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model methods are utilised to generate structured and executable conclusions. This
project also developed a complete set of end-to-end tools that can be embedded in
existing compliance workflows and integrated with the Hybrid Human-in-the-Loop
approach. The entire approach can improve work efficiency and provide a valuable
reference for domain experts.

Research Questions

In this thesis, we aim to answer the following three research questions:

« RQ1: How can we develop a system that automatically links regulatory re-
quirements to relevant product and engineering information in Volvo Penta’s
lifecycle?

« RQ2: How can this system be effectively integrated into Volvo Penta’s engi-
neering workflows to support traceability, usability, and transparency in decision-
making?

« RQ3: How does the system perform in terms of accuracy, interpretability,
and explainability, and to what extent does it support decision-making based
on expert evaluations and real-world scenarios?

RQ1 focuses on the technical development of the system. It addresses how to rep-
resent regulatory and engineering data, and how to design a model that accurately
links regulatory requirements to relevant product features, specifications, and ar-
tifacts. This includes selecting the appropriate embedding methods, handling the
domain-specific language, and ensuring coverage across multiple regulation formats.
The outcome should enable a foundation for traceable and interpretable mappings
that support downstream transparency needs.

RQ2 investigates how the developed system can be integrated into the existing
Volvo Penta engineering workflows. The goal is to ensure that the system aligns
with current practices, supports traceability, and improves operational compliance,
while also providing transparency in how links are generated. This includes user
interface design, integration into tools such as SystemWeaver, and human-in-the-
loop mechanisms that allow engineers to inspect, verify, and correct automated
outputs. Here, explainability is treated as a usability requirement that enables trust
and oversight during integration.

RQ3 evaluates the system from both a technical and user-centred perspective.
Specifically, the question explores how well the system performs in terms of ac-
curacy, interpretability, and explainability, and assesses its usefulness for decision
support in real engineering scenarios. The evaluation combines expert interviews,
industrial case studies, and quantitative validation metrics such as precision, recall,
and confidence calibration. Special attention is paid to how clearly the system com-
municates its reasoning and how easily users can trace and validate its decisions.
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These insights help to determine the readiness of the system for deployment and its
value to compliance engineers.

1.3 Significance of the Study

The significance of this study lies in its contribution to both academic research and
industrial practice. For the academic community, it advances the use of natural lan-
guage processing in requirements engineering by applying and evaluating semantic
and generative techniques in the context of engineering compliance, an area that
remains underexplored. For industry, the study addresses a concrete need at Volvo
Penta to reduce the manual burden of regulatory interpretation. The proposed ap-
proach may serve as a foundation for future compliance support tools and can be
adapted by other organisations facing similar challenges.



2

Background

This chapter outlines the industrial and information management context in which
the thesis is carried out. It begins by describing the general requirements landscape
and the types of regulatory documents relevant to product development. This is fol-
lowed by an overview of the Volvo Penta phase-gate model and the SystemWeaver
repository, which stores artefacts later used in the automation approach. The tech-
nical background related to the proposed method, such as embeddings and LLMs,
is then introduced. The chapter concludes with a terminology section that defines
key concepts such as transparency, usability, and explainability, which are central to
the system design and evaluation.

2.1 Regulations and the Spectrum of Standards

In EU law, a regulation is a binding legislative act that must be applied in its
entirety in all Member States. The regulations are directly applicable and do not
require national transposition. For example, the EU Machinery Regulation (EU)
2023/1230 applies uniformly across the EU upon its entry into force [15].

In contrast, a directive is a legislative act that sets a goal that all EU countries must
achieve. However, it allows Member States the flexibility to devise their own laws
on how to reach these goals. An example is the Low Voltage Directive 2014/35/EU,
which mandates safety objectives for electrical equipment but allows national au-
thorities to determine the specific implementation measures [15].

Formal Consensus Standards

A standard is an agreed-upon specification for a product, service, process, or in-
terface. The issuing body and level of consensus can vary:

« International standards—published by organisations such as the ISO [16],
the IEC [17] or the IMO [18]. An example is ISO 26262, which refers to
functional safety in automotive systems [19)].

» Regional standards—developed by European Standards Organisations (ESOs)
such as the European Committee for Standardisation (CEN), the European
Committee for Electrotechnical Standardisation (CENELEC) or the European

5
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Telecommunications Standards Institute (ETSI). These are often adopted ver-
batim as national standards, such as the series "EN’ [20].

o National standards—issued by national standardisation bodies, for exam-
ple, Deutsches Institut fiir Normung (DIN) in Germany [21], British Standards
Institution (BSI) in the UK [22] and Swedish Standards Institute (SIS) in Swe-
den [23].

Harmonised Standards

Within the EU, certain European standards are designated as harmonised stan-
dards. These are developed by recognised ESOs following a request from the Euro-
pean Commission. Compliance with harmonised standards provides a presumption
of conformity with the corresponding essential requirements of relevant EU legisla-
tion, facilitating the CE marking process [24].

A relevant example for this thesis is the EN 1175:2020 standard, which specifies
the electrical and electronic requirements for the design and construction of electri-
cal installations in self-propelled industrial trucks. This standard addresses safety
requirements for all electrical and electronic components, including safety-related

parts of control systems, and is intended to be used in conjunction with EN ISO
3691-5:2015 [25].

Industry Standards

Certain industries are governed by industry specifications which, although not formal
consensus standards, are widely adopted due to their relevance and utility. Examples
include:

e« SAE J1939—a communication protocol for vehicle networks, used mainly in
heavy-duty vehicles. It defines standards for network communication among
vehicle components [26].

« AUTOSAR (AUTomotive Open System Architecture) - a standardised au-
tomotive software architecture developed by a consortium of automotive man-
ufacturers and suppliers to facilitate the development of automotive soft-
ware [27].

Compliance with these specifications is often contractually or commercially man-
dated, although they are not formal consensus standards.

Company-Internal Standards and Operating Procedures

Large manufacturers maintain internal corporate or engineering standards that may
reference public standards, but are tailored to their specific product ranges and
operational contexts. For example, Volvo Group has its own set of corporate stan-
dards, such as STD 5019, which pertains to corrosion protection requirements for
components and systems [28].

6
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These internal standards ensure consistency, quality, and compliance across the
organisation’s products and processes, aligning with both external regulations and
internal objectives.

Relevance to the Thesis

In the context of European product compliance, legal and technical requirements
are layered and interconnected:

» Regulations are binding legislative acts that apply directly in all EU Member
States without transposition (e.g., Machinery Regulation (EU) 2023/1230).

o Directives define required outcomes (e.g., EMC or Low-Voltage Directives)
but must be implemented through national law.

« Harmonised standards (e.g., EN 1175) are consensus-based technical speci-
fications that support compliance with directives. Products built in accordance
with these standards are presumed to meet the essential safety or performance
requirements of the associated legislation.

» Legal requirements originate from the directives and regulations themselves,
but are often operationalised by adherence to relevant harmonised or interna-
tional standards.

Together, this legal and normative structure determines whether a product can
be legally placed on the market. Manufacturers must assess each clause across
these layers to determine whether it constitutes a requirement and whether that
requirement is applicable to a specific product configuration.

The automation prototype developed in this thesis addresses this compliance task. It
focuses on a selected set of documents: the harmonised standard EN 1175, which is
highly relevant for safety-related electrical systems in industrial vehicles, and three
EU directives that do not include clause-level classifications. This mixed data
set allows the system to be tested both retrospectively (against known labels) and
prospectively (on unclassified material), thereby covering both verification accuracy
and real-world usability.

From Legal Obligation to Engineering Requirement:

In practice, legal documents such as directives and harmonised standards are not
merely compliance checklists, they are translated into concrete engineering require-
ments. Each relevant clause must be interpreted in terms of how it impacts the
design, validation, and operation of a product. For this reason, the automation
pipeline developed in this thesis treats each regulatory clause as a candidate re-
quirement and assigns labels indicating its applicability. This framework aligns
regulatory compliance with the standard lifecycle of requirements engineering [29].

7
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2.2 Volvo Penta Phase-Gate Model

Volvo Penta’s product development follows a structured phase-gate process, a widely
adopted model in engineering project management. A phase—gate model (also known
as a stage—gate model) is a well-known governance framework used to manage risk
and ensure milestone readiness throughout the development lifecycle [30]. Each
phase ends with a formal 'gate’ where senior stakeholders evaluate the status of the
project and decide whether it should proceed.

i i DG - Development Gate
Compliance Analysis and Project Description freeze
Requirement Classification A
PCI - Product Change g CG - Concept Gate . FDG - Final FIG - Final Industrialization
Initiation FeG - Feasibility Target Description freeze | Development Gate Gate RG - Release Gate EG - End Gate

A A A ! A A A A
I '

PCI ‘ ’ D6 FDG FIG ‘ G
Sallvit Final Verification Follow-up
Development

| ' ' | | '
Pre-PCI | Definethescopeofthe | Potential technical | Compliance | Build, verify and validate | The product is readyfor | Formal handover to
investigation | project by establishinga | solutions are explored | considerations become | the product | production and launch on | operations and ongoing
| Target Description. H | more structured. | solution. | the market support of the lifecycle.
| | | Requirement | |
| Specification (RS) and the !
i Verification and Validation |
1 (V&V) matrix being |
| formulated.

Figure 2.1: Volvo Penta phase-gate model and main deliverables.

Feasibility and Conceptualisation

The early stages begin with strategic planning and feasibility analysis. The fea-
sibility gate (FeG) marks the point where initial business viability, technical al-
ternatives, and scope of the programme are assessed and approved. Deliverables
include a draft business case and an initial Target Description (TD).

Concept Development

During the concept development phase, potential technical solutions are explored.
A preferred concept is selected and captured in the Target Description, which is
baselined at the Concept Gate (CG). This document forms the basis for high-
level system requirements.

Solution Development

The solution development phase refines the selected concept into a detailed sys-
tem design. The Development Gate (DG) freezes the Project Description (PD),
elaborating on the TD. During this phase, compliance considerations become more
structured, with early drafts of the Requirement Specification (RS) and the Verifi-
cation and Validation (V&V) matrix being formulated.
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Final Verification

This phase involves system integration, testing, and formal validation. The Final
Development Gate (FDG) represents a readiness check for industrialisation. By
this point, the RS is fully defined and the V&V matrix must be executable and
aligned with regulatory obligations.

Industrialisation and Release

In the final stages, the product is ready for production and launch on the market.
The Release Gate (RG) ensures that compliance documentation and all support-
ing deliverables are complete. The End Gate (EG) signifies formal handover to
operations and ongoing support of the lifecycle.

Compliance Across Gates

Throughout these phases, compliance evidence accumulates incrementally. Although
this thesis focusses primarily on early stage analysis at the FeG, where the potential
regulatory impact of new concepts must be assessed, the automated tool developed
is designed for use throughout the process. It supports clause-level traceability from
initial TD creation through to industrialisation and release, offering consistent, au-
ditable, and updatable compliance assessments at each decision point.

2.3 Requirement-Document Landscape

Regulatory texts such as the Machinery Directive or harmonised standards such as
EN 1175 are treated within Volvo Penta as structured sources of external require-
ments. These legal clauses are decomposed, interpreted, and incorporated into the
same traceability model as internal functional or performance requirements. This
integration ensures that legal obligations are embedded early in system architec-
ture and verification planning. By treating legal clauses as first-class requirement
items, the company can manage compliance as an integrated part of the product
development lifecycle [31].

To support this, compliance and engineering requirements are governed through
a structured set of configuration-controlled artefacts. These documents are main-
tained within SystemWeaver, a centralised product information management system
used throughout the Volvo Group.

This section introduces the four core artefacts used to define, trace, and verify re-
quirements throughout the product lifecycle. Among these, the TD is the main focus
of this thesis, as early stage compliance screening, before FeG, offers the greatest
leverage in identifying and mitigating regulatory risks at low cost. The relation-
ships and information flow between these artefacts are summarised in Figure 2.2,
which illustrates how requirements evolve from high level product goals to verifiable
specifications.
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8 Target Description (TD)

- P
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i m Al be addressed by the project
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and status
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Figure 2.2: Information flow between requirement artefacts managed in Sys-
temWeaver.

Target Description (TD)

The TD originates in the marketing and product planning organisation and serves
as the earliest structured expression of a programme’s scope. It outlines:

» business objectives and stakeholder needs.
o target markets, usage environments and operating conditions.
o high-level functional goals and technical constraints.

The TD is baselined at the FeG and provides the basis for the development of
downstream requirements. Because it is both relatively stable and available early,
the TD is an ideal input for automation. In this thesis, it is used to determine the
relevance and applicability of individual clauses from regulatory documents such as

EN 1175 and EU directives.

Other Core Artefacts

Although the TD is the primary input to the automation pipeline developed in this
study, several other documents are essential to the end-to-end compliance process
at Volvo Penta.

o Project Description (PD): Establishes the contractually agreed scope of
the project, including budget, milestones, and deliverables. Baselined at the
Development Gate (DG).

10
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« Requirement Specification (RS): Contains detailed structured engineering
requirements organised by system and function. RS entries are traced to both
the TD and the corresponding test cases in the V&V matrix.

« Verification and Validation Matrix (V&V): Defines how each require-
ment will be verified, by analysis, testing or inspection. The V&V matrix
tracks test results and serves as the authoritative compliance audit trail dur-
ing gate transitions.

Traceability from Requirements to Product Architecture

Engineering and regulatory requirements must ultimately be traceable to concrete
product entities, such as subsystems, components, or interfaces. Figure 2.3 shows
how these requirements propagate from abstract stakeholder input to specific tech-
nical domains.

Product

System System
§§

Sub Sub Sub
system system system

§

Figure 2.3: Hierarchical mapping of requirements from organisational input to
product architecture. The figure illustrates how high-level stakeholder and regula-
tory inputs are refined and decomposed into technical requirements.

This hierarchical traceability allows:
« Verification to be scoped precisely to affected components.

e Reuse of compliance evidence across product variants.

11
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o Alignment between stakeholder intent and engineering execution.

This decomposition is essential for structured audits, as required by standards such
as [SO 26262, and to achieve the presumption of conformity with harmonised EN
standards [19, 24].

Focus on Early Compliance Support

As compliance expectations grow, the burden on project teams begins earlier in the
lifecycle. Studies have shown that identifying the risks of the requirement during
conceptual phases can reduce the total cost of the project and avoid late-stage
redesigns [32]. This thesis targets the early gates, especially FeG and CG by
automating the mapping of legal clauses to the TD. The goal is to identify which
requirements are applicable and binding based on product usage context, thereby
helping engineers scope compliance efforts as early as possible.

2.4 SystemWeaver

SystemWeaver is Volvo Penta’s model-based information backbone to manage
product development artefacts [33]. It supports traceability, structured authoring,
and collaborative configuration control throughout the development lifecycle. All
project data, requirements, system components, tests, and compliance judgments,
are represented as typed nodes and links in a version-controlled graph database.
Figure 2.4 illustrates the SystemWeaver data model.

0.1 RefType
Object
Built-in support for uuID 1 Defrype
structured models All references based Strong typing

on Unique IDs Referential Integrity

Nodes

Generic Node Item Part

Node

Part

Multiplicity

Parent
Subtyping -
inheritance

Item Attribute

Node Attribute * * Part Attribute

Attribute

Figure 2.4: Core elements of the SystemWeaver information model [34].

Each artefact, such as a requirement, interface, clause, or test case, is stored as an
item with a globally unique identifier. These items may contain typed parts, and
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both items and parts can carry attributes that encode relevant metadata. For
example, the hierarchical requirements structure shown in Figure 2.3 would be rep-
resented as a set of linked items in this model. This typed graph structure enables
deeply nested artefacts to be traced, versioned, and reused across programmes, while
preserving full referential integrity.

Clause Decomposition and Compliance Labelling

Regulatory texts and supporting harmonised standards such as EN 1175 are man-
ually entered into SystemWeaver for analysis and traceability. Rather than inserting
an entire document as a monolith, clauses are broken down section by section or
chapter by chapter. Each section is created as a typed item with a corresponding
identifier and source reference.

Compliance engineers then attach a linked Conclusion part to each clause or group
of clauses, recording a structured compliance judgment. For each Conclusion, there
will be a statement indicating whether the clause applies. This statement falls into
one of the following three categories:

o Applicable — the clause imposes a mandatory requirement that applies to
the current product configuration.

o« Not Applicable — the clause is normative but not relevant for the given
system, technology, or scope.

« No Requirement — the clause is descriptive, explanatory, or editorial in
nature and does not entail implementation obligations.

In addition to categorical labels, most conclusions contain rich explanatory text that
justifies the judgment. These entries often provide context, engineering assumptions,
or cross references to other standards. For example, the clause in EN 1175:2020
Section 4.3.1 specifies:

“Flectrical systems of trucks powered by lead-acid batteries shall be de-
signed so that all functions operate in the voltage range from 70% up to
120% of the nominal battery voltage.”

A corresponding conclusion in SystemWeaver might read:

“T0%—-120% of nominal voltage 24V is 16.8V-28.8V. The operating volt-
age of the system shall be 16V-32V according to I1SO 16750-2:2023 sec-
tion 4.2.2, Table 4, Code F.”

In this instance, it is shown how compliance engineers not only categorize a clause
but also analyse it in accordance with internal engineering standards and practices.
This commentary aids in cross-functional insight and subsequent validation. As
shown in Figure 2.5, each clause is structurally linked to its subparts and annotated
with a compliance conclusion. This modelling pattern allows requirements to be
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reused, traced, and validated across systems and variants.

cuusion (1ZPERC) <-:—>[ 3... External req analysis conclusion (12ERAC)

_____
Test Case Requirement (TRQ) (1> Abstract requirement RQ) |
/—>| 7§ External req analysis (12ERA) Tst method (1ZTEST) (' S Test Case (TCS) I 1
Valider (TXF) 018~ = = = = = = =
Extreq source analysis (1I2EANAN () N s s - o—
- @/ \_) _____ !
|

equirements sourcs (FROSRC) (- § Requirement Source (RQSR) = c1orE)

_____

Figure 2.5: Traceability structure for EN 1175:2020 clause 4.3.1 in SystemWeaver.
The figure illustrates how the original clause is decomposed and linked to a struc-
tured compliance conclusion, relevant test cases, and requirement sources.

2.4.1 Relevance to Compliance Automation

The structured data model of SystemWeaver ensures that all compliance artefacts,
requirements, system definitions, and verification plans, are interlinked. This makes
it possible to reason about clause relevance in context and to automate applica-
bility predictions. In this thesis, SystemWeaver was used as both a source and
destination for structured compliance artefacts. The prototype interacts with Sys-
temWeaver through its public NET /C# API, which enables the extraction of reg-
ulatory clauses, requirement structures, and associated metadata. It also includes
functionality to automatically upload structured results back into SystemWeaver,
maintaining traceability and alignment with existing artefact structures.

2.5 Representation Learning for Textual Compli-
ance

Modern NLP systems convert sentences or paragraphs into fixed-length numeri-
cal vectors called embeddings, whose geometry captures semantic similarity. If two
passages encode conceptually related ideas, their vectors lie close together in the em-
bedding space; unrelated passages map farther apart. This property underpins tasks
such as semantic search, clustering, and duplicate-detection in regulatory corpora.
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From tokens to vectors

Early embedding schemes (e.g. word2vec [35] or GloVe [36]) assign one vector per
word. Contemporary approaches instead learn contextual embeddings, a single en-
coder processes the entire sentence and produces token vectors that already reflect
word order, syntax, and domain terminology. Transformer encoders achieve this
with self-attention layers, which let every token weigh its relationship to every other
token in the sequence [37]. After the final layer we obtain a matrix of token repre-
sentations; pooling—mean, max, or a special [CLS] token—reduces that matrix to
one d-dimensional sentence vector (e.g. 768 d for BERT [38] or 1024 d for Sentence-
BERT [39]).

Pre-trained embedding models

A pre-trained embedding model is an encoder that has already been optimised on
a large generic corpus (Wikipedia, Common Crawl, patents, legal text, etc.) be-
fore being applied to a company-specific problem. In this stage the network learns
to place semantically related sentences close together in the vector space without
seeing any project-specific labels. Examples include models such as BERT [38],
the Universal Sentence Encoder [40], and multilingual XLM-R style encoders [41].
Engineers can reuse these models off the shelf by passing each clause through the
encoder to obtain a fixed-length vector representation. This enables immediate
application of techniques such as similarity search or clustering, without the need
to train embeddings from scratch. The same encoder can later be fine-tuned in a
smaller domain-labelled data set (e., g. Legal-BERT [42]) to capture the in-house
terminology with greater precision.

Similarity and retrieval

Given two embeddings u, vER?, their cosine similarity

(u,v) u-v
cos(u,v) =
’ [l [ v]]

provides a bounded ([—1, 1]) measure of semantic relatedness that is robust to sen-
tence length and scaling. By embedding every clause of a standard and every para-
graph of a product description, one can retrieve candidate matches simply by ranking
the cosine scores.

Scaling

Practical compliance archives may contain tens of thousands of sections. Exhaus-
tively comparing each new query against all stored vectors is costly. Libraries
for approximate nearest-neighbour search, such as Facebook Al Similarity Search
(FAISS) [43], accelerate retrieval by partitioning the vector space and pruning un-
likely matches while maintaining near-perfect recall. The result is millisecond-level
response times even on commodity hardware.
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Why embeddings help compliance work

o Terminology robustness. Embeddings reveal similarity even when two
clauses use different wording (e.g. “battery isolation” vs. “galvanic separa-
tion”).

o Language-agnostic analysis. Multilingual encoders enable alignment be-
tween English regulations and Swedish internal documentation without sepa-
rate dictionaries.

* Quantitative triage. Similarity scores give an objective first pass, helping
engineers focus manual review on the most promising (or riskiest) clauses.

These properties make representation learning a natural first stage in an automated
compliance pipeline: it rapidly narrows thousands of legal sections down to a small,
relevant subset that merits deeper reasoning.

2.6 Large Language Models and Prompt Engi-
neering

Large Language Models (LLMs) such as ChatGPT[44] are machine learning mod-
els trained on large-scale corpus so that they can understand and generate human
language. They process user input and outputs the most likely answer based on a
large amount of training data. The output of LLMs is influenced by many factors,
such as training data, model parameters, and user prompt. Prompt engineering
focuses on organizing and designing the input prompts of LLMs to obtain more ac-
curate model outputs. Different prompt inputs will produce significantly different
outputs[45]. Taking the right prompt method can improve model performance, im-
prove accuracy, and provide a basis for the interpretability of LLMs. The following
are several commonly used and effective prompt engineering methods.

e Clear instructions prompting. Due to the randomness of the output of
large language models,vague prompts often lead to broad and unfocused re-
sponses. Providing clear instructions and detailed problem descriptions helps
the model generate more accurate and relevant answers[45].

* Role definition prompting. Defining a role means assigning the model a
specific identity to guide its responses. For example: "You are a compliance
expert." This sets a clear context and helps ensure the model’s outputs are
consistent and aligned with the intended perspective.

o Zero-shot, one-shot or few-shot prompting. One-shot or few-shot prompt-
ing refers to giving the model one or several reference examples to guide the
model output. The model learns the logic from these examples and responds
accordingly. Zero-shot prompting, on the other hand, only describes the prob-
lem without any examples. However, one-shot or few-shot prompting does not
always improve performance. Zero-shot can perform better than One-shot or
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few-shot in certain scenarios[46].

o Chain-of-thought (CoT) prompting. For some complex problems, Chain-
of-thought can significantly improve output accuracy. It breaks the problem-
solving process into several steps and guides the model to solve the problem
step by step[47]. This method also helps improve interpretability of LLMs, as
it shows the reasoning process behind the model’s final answer.

On the other hand, when using the API of the LLMs, the output of the model can
be controlled by certain hyperparameters. For example, the parameter temperature
can control the balance between the randomness and certainty of the output[48].
The lower the temperature, the more deterministic the answer will be.

2.7 Key Terminology: System Qualities in Com-
pliance Automation

To support clarity in evaluating and discussing the proposed compliance system,
this section defines several core quality attributes that recur throughout the thesis.
These include attributes commonly associated with the usability and trustworthiness
of Artificial Intelligence (AI) systems: traceability, usability, transparency, accuracy,
interpretability, and explainability.

Traceability

Traceability refers to the ability to track the origin, rationale, and application of a
requirement or decision throughout the product development and compliance lifecy-
cle [49]. In this thesis, traceability is implemented by linking each regulatory clause
to specific technical artefacts in SystemWeaver, enabling auditors and engineers to
follow the decision path from raw regulation to product specification.

Usability

Usability denotes how easily and effectively end users, such as compliance engineers,
can interact with the system and derive value from it [50]. This includes factors
such as interface design, interaction flow, cognitive effort, and the clarity of system
outputs. Usability is enhanced through human-in-the-loop mechanisms, editable
outputs, and intuitive display of explanations, aligning with standard user-centred
design principles.

Transparency

Transparency is the degree to which the internal processes and decision logic of the
system are open to inspection and understanding by human users. Transparent
systems expose intermediate steps and rationales to support user trust and vali-
dation [51]. In this context, transparency is achieved through semantic similarity
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scores, keyword matching, clause applicability labels, and LLM-generated explana-
tions, all of which are visible and reviewable.

Accuracy

Accuracy refers to the correctness of the system’s outputs, particularly the clas-
sification of regulatory clauses as applicable or not applicable to a given product
configuration. It is quantitatively assessed using standard metrics such as precision,
recall, and F1-score, based on a ground-truth validation dataset. High accuracy is
essential for system reliability and user confidence.

Interpretability

Interpretability is the ease with which a human can comprehend the internal logic,
structure, or feature contributions of the system [52]. It concerns how well users
can predict or reason about the model’s decisions. In this thesis, interpretability
is supported by using domain-specific embeddings, keyword-based matching, and
structured output schemas that are aligned with engineering reasoning.

Explainability

Explainability is the system’s ability to provide human-readable justifications for its
decisions or outputs [53, 54]. While interpretability focuses on internal mechanisms,
explainability emphasizes the post hoc communication of the reasoning behind spe-
cific results. In this thesis, explainability is delivered through natural language
outputs generated by large language models using chain-of-thought prompting and
embedded rationales.

18



3

Related Work

This chapter reviews previous research relevant to automating regulatory compli-
ance analysis using NLP, embedding models, and LLMs. The literature is organ-
ised into five thematic categories: (1) Traditional rule-based and machine learning
approaches, (2) Semantic search and similarity techniques, (3) Embedding-based
models for legal texts, (4) Large language models for compliance support, and (5)
Hybrid human-in-the-loop systems.

3.1 Traditional Rule-Based and Machine Learn-
ing Approaches

Early approaches to regulatory compliance classification relied heavily on rule-based
NLP and classical supervised learning techniques. These methods used predefined
linguistic patterns, heuristics, or manually curated ontologies. For example, Kiyav-
itskaya et al. [55] developed Gaius T, a semantic annotation framework to extract
stakeholder obligations from complex regulations such as Health Insurance Porta-
bility and Accountability Act of 1996 (HIPAA) and the Italian Stanca Act. Their
method significantly reduced human annotation effort by formalising heuristics for
obligation extraction.

Similarly, Breaux and Anton [56] combined ontologies and deontic logic for auto-
matic compliance check in the utility industry, capturing domain-specific terminol-
ogy and semantic structures. However, these rule-based systems generally required
extensive expert input and were limited by their scalability and adaptability to new
regulatory texts.

In parallel, supervised machine learning techniques such as Support Vector Ma-
chines (SVM), decision trees, and Naive Bayes classifiers were extensively explored
for compliance-related classification tasks. Zhang et al. [57] demonstrated the fea-
sibility of SVM classifiers to evaluate website privacy policies against the PIPEDA
regulations of Canada, achieving up to 88% precision. Their approach used term
frequency features and Principal Component Analysis (PCA) to reduce dimension-
ality, establishing early evidence of Machine learning (ML) efficacy in regulatory
compliance contexts.
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More recently, Fahad ul Hassan et al. [58] studied NLP preprocessing (lemmati-
sation, Part-of-speech (POS) tagging) combined with traditional ML models (e.g.,
SVM) to classify construction contract documents. Their methodology effectively
distinguished between functional and non-functional requirements, achieving a re-
call of 95%. Despite high accuracy, their approach highlighted significant limitations
due to its heavy reliance on large annotated datasets, limited generalisability across
domains, and the considerable feature engineering effort required.

In general, traditional approaches established important foundations but often strug-
gled with deeper semantic nuances and the scalability necessary for modern compli-
ance analysis tasks.

3.2 Semantic Search and Similarity Techniques

To address scalability issues and better capture nuanced regulatory contexts, re-
searchers increasingly adopted semantic search and similarity-based methods. These
techniques represent regulatory clauses in semantic vector spaces, enabling context-
sensitive document retrieval and classification.

Salama and El-Gohary [59] leveraged domain ontologies for semantic classification of
construction-related regulatory texts, significantly improving efficiency and precision
in compliance check. Similarly, Zhou and El-Gohary [60] introduced multi-label
semantic classification to environmental regulations, accommodating complex cases
where single clauses address multiple compliance categories.

Sleimi et al. [61] presented a semantic NLP framework tailored specifically to Luxem-
bourg’s legislation, achieving high precision in metadata extraction and systematic
annotation. However, the heavy reliance of their system on jurisdiction specific
annotated data limited its broader applicability, highlighting the difficulty of gener-
alising semantic solutions across diverse legal systems.

Amaral et al. [62] further advanced semantic compliance check by embedding Gen-
eral Data Protection Regulation (GDPR) provisions and data processing agreements
(DPA) in vector spaces, employing cosine similarity for automated compliance as-
sessment. They reported a successful identification of missing regulatory provisions,
showcasing embedding-based semantic matching effectiveness.

Additionally, Chalkidis et al. [63] proposed a two-step information retrieval system
for EU and UK legal compliance, first employing traditional keyword-based retrieval
(BM25), then re-ranking results with neural semantic embeddings (Legal-BERT).
Their method notably improved relevance over purely lexical-based retrieval, em-
phasising the critical role of domain-specific embeddings in semantic compliance
analysis.

In addition, Zhou et al. [64] explored integrating NLP and context-free grammars
to formalise and interpret regulatory texts. Their approach provided structured
semantic extraction, but struggled with the ambiguities and complexity inherent
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in unstructured regulatory language. This underscores the necessity of combining
semantic methods with more robust machine learning techniques to develop scalable
compliance solutions.

3.3 Embedding-Based Models for Legal Text

Embedding-based NLP methods significantly improved semantic understanding in
regulatory contexts, overcoming the limitations of traditional methods. Pre-trained
embeddings such as Word2Vec, GloVe, and FastText enabled richer semantic repre-
sentations, capturing subtle conceptual relationships in legal language.

Wen et al. [65] demonstrated the advantage of Word2Vec embeddings over Term
Frequency-Inverse Document Frequency (TF-IDF) in distinguishing compliant from
non-compliant corporate policy documents, achieving a notable F1 score of 0.84.
These static embeddings, while efficient, still faced challenges in capturing varying
contextual meanings across different legal scenarios.

Contextual embeddings, particularly transformer-based models like BERT and domain-
specific Legal-BERT, further improved semantic comprehension. Chalkidis et al. [42]
established the effectiveness of Legal-BERT, significantly exceeding the generic BERT
embeddings in EU legal tasks.

Furthermore, Amaral et al.[13] successfully employed SBERT (Sentence-BERT)
embeddings for GDPR compliance verification, achieving impressive precision, re-
call, and F1 scores around 81%. Similarly, Zhong et al.[66] summarised multiple
embedding-based applications, reinforcing the value of fine-tuning embeddings on
annotated legal datasets to optimise performance.

Finally, Moon et al.[67] fine-tuned BERT on 2 807 construction-risk clauses, re-
porting 88.9% accuracy and an F1 of 0.93, while Braun & Matthes [68] attained
approximately 83% accuracy with F1 of 88% on multilingual terms-and-conditions
clauses. These results set a performance band of 79-89 % accuracy for clause-level
tasks against which we later compare our own accuracy.

3.4 Large Language Models for Structured Com-
pliance Support

The advent of LLMs such as GPT-3, GPT-4, Claude, and LLaMA represented a
transformative advance in compliance analysis capabilities. LLMs expanded beyond
classification and retrieval tasks to include natural language generation, nuanced
interpretation, and structured reasoning.

Balasubramanian [69] evaluated GPT-3.5’s capabilities in answering complex regu-
latory questions, demonstrating high accuracy and human-level acceptability. Has-
sani [70] applied GPT-4 for GDPR compliance verification, achieving 81% accuracy
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and substantial efficiency improvements (0.7 seconds per paragraph processed).

Wu et al.[71] introduced Reg-LLaMA, a variant fine-tuned specifically to finan-
cial regulatory data, significantly outperforming base LLaMA models in specialised
legal summarization tasks. Similarly, Cao and Feinstein [72] evaluated the effective-
ness of GPT-4 in interpreting Basel III banking regulations, emphasising prompt
engineering and structured validation methods to improve reliability and reduce
hallucinations.

Despite significant capabilities, LLM deployment in compliance contexts remains
cautious due to ongoing issues such as hallucinations, inconsistencies, and lack of
grounding in external references. Researchers advocate using prompt engineering,
structured reasoning (chain-of-thought) and human validation to mitigate these lim-
itations.

3.5 Hybrid Human-in-the-Loop Pipelines

Due to inherent complexities and high stakes in compliance analysis, fully automated
systems remain impractical for many industrial applications. Consequently, hybrid
human-in-the-loop (HITL) systems have emerged as best practices, combining Al-
driven initial analyses with expert human oversight for validation and interpretation.

Wen et al.[65] implemented a HITL framework for corporate compliance, using se-
mantic thresholds for Al-generated matches reviewed and refined iteratively by legal
analysts. Similarly, Hassani[70] combined keyword-based methods with LLM pre-
dictions, reconciling discrepancies through human curation.

Industry implementations such as RadarFirst [73] emphasize Al's supportive role,
recommending human experts ultimately resolve flagged compliance risks. Active
learning paradigms further enhance efficiency, querying human experts only in am-
biguous or novel regulatory cases to optimize annotation workload while maintaining
high reliability and accountability.

This approach is increasingly recommended by regulators and standard-setting bod-
ies, highlighting that Al systems should augment, but not replace, human judgment
in regulatory compliance contexts.
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This chapter will thoroughly describe the implementation of the methodological
framework. Our methodology follows the pipeline layout below and is divided into
three main parts. The first part includes data preprocessing, embedding generation,
and semantic matching. This corresponds to RQ1, which focusses on linking regu-
latory requirements with relevant product and engineering information. The second
part involves generating conclusions combined with Human-In-The-Loop review and
exporting the results to SystemWeaver, which corresponds to the integration with
existing workflows of RQ2, and it also emphasises traceability, usability, and trans-
parency. The third part is the part for verifying the results, which corresponds to
RQ3. In this part, we combine quantitative and qualitative verification methods,
including the model performance matrix and expert evaluation. The full pipeline
can be seen in figure 4.1.

TD XML file from
-
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+ TD sections
- Application information
- Required standards list
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Figure 4.1: NLP-based compliance requirements generation model pipeline.
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In addition, we also provide clarity on the technological choices, justifications for the
selected methods, and a clear description of the evaluation strategy used to validate
the effectiveness and precision of our proposed solution. All implementation was
developed entirely in Python, version 3.11.11.

4.1 Research Methodology

This thesis adopts an Action Research methodology, following the principles out-
lined by Runeson et al.[74]. Action Research is particularly well-suited for applied
software engineering research in industrial settings, allowing close interaction be-
tween researcher and practitioner in iterative cycles of planning, action, observa-
tion, and reflection. This is consistent with the classification framework of Stol and
Fitzgerald[75], who distinguish Action Research as a highly collaborative, context-
driven approach well aligned with real-world problem solving.

The research process followed these main steps:

« Diagnosis: Identify bottlenecks in manual compliance interpretation at Volvo
Penta.

e Planning: Design an automation pipeline using NLP, semantic similarity,
and LLM techniques.

o Action: Develop and deploy a prototype system integrated with SystemWeaver.

o Evaluation: Use accuracy metrics, case studies, and expert feedback to vali-
date the system.

o Reflection: Assess impact, extract lessons learnt, and identify directions for
industrial adoption.

This approach ensures that the solution is both empirically grounded and practically
useful.

4.2 Data Sources

The study draws on four complementary data sources that mirror the artefacts Volvo
Penta engineers handle during a typical compliance assessment workflow: (1) formal
regulatory documents, (2) internal product documentation, (3) an expert-labelled
ground truth file, and (4) a domain-specific keyword lexicon. Table 4.1 and Table 4.2
list descriptive statistics.

In practical industrial settings, the set of regulatory standards applicable to a project
is not static or universal. For each new product or platform, a dedicated team,
typically from Regulatory Affairs or Compliance, selects a subset of directives, har-
monised standards, and internal specifications deemed relevant to the project con-

24



4. Methods

text. This selection is guided by factors such as the product application domain (e.g.,
marine, off-road), target markets, and technical characteristics. The selected set is
formally referenced in the Target Description (TD), which serves as the definitive
scope for early compliance activities.

Although harmonised standards such as EN 1175 are derived to support compliance
with overarching EU directives (e.g., 2014/30/EU for EMC), they do not replace
the directives themselves. Directives remain the binding legal instruments and often
include general safety principles and cross-domain obligations not fully addressed in
any single standard. In practice, engineers consult both the directives and their
associated standards to ensure complete coverage and legal defensibility. For this
reason, this study includes both types of documents in its analysis.

The specific regulatory documents included in this study represent a subset of the
standards formally cited in the TD of the anonymised electric propulsion platform
project introduced in Section 4.2.2. This selection was limited by two key factors.
First, only a portion of the referenced documents were available in a structured
digital format suitable for clause-level processing. Second, among those, EN 1175
was the only standard that had already been fully analysed and annotated with
compliance conclusions by domain experts. As such, it served as a practical starting
point for system development and validation. Although this limits coverage relative
to the complete TD, it reflects realistic constraints in industrial data access and still
allows representative evaluation of the proposed approach across multiple regulatory
domains.

Consequently, this thesis assumes that the relevant standards for a given project
have already been identified and documented in the TD. The automation pipeline
is then applied to assess clause-level applicability within that predefined regulatory
scope.

4.2.1 Regulatory Documents

e SS-EN 1175:2020 Standard: The official version of the EN 1175:2020 stan-
dard, issued by the Swedish Institute of Standards (SIS), was obtained as a
PDF document licenced. This 103-page harmonised standard supports com-
pliance with applicable legal requirements for electrical and electronic safety
requirements applied to industrial trucks in this project. Provided in a pre-
segmented Excel file containing 256 normative clauses. Each clause includes
an external ID, title, and comprehensive textual description, facilitating struc-
tured semantic analyses. Retained from SystemWeaver internally.

« Horizontal EU Directives: Three directives were included: EMC Direc-
tive 2014/30/EU, Low-Voltage Directive 2006/95/EC, and Battery Directive

2006/66/EC. These were parsed from HTML editions of the Official Journal,
contributing 259 regulatory clauses.
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4.2.2 Internal Project Documentation

The internal documentation refers to an anonymised electric propulsion platform
used in a real-world compliance context.

» Target Description (TD): Provided as an XML export containing 239 sec-
tions, including technical and functional content. Retained from SystemWeaver
internally. The TD also includes a dedicated Standards section that formally
cites regulatory frameworks and harmonised standards relevant to this project.
A complete list is provided in Appendix A.

o Application Summary: A section embedded within the TD identifying 34
binary features (e.g. "Marine commercial”, "Road-legal") using Unicode check-
box markers to indicate presence or absence.

4.2.3 Ground-Truth Dataset

An expert-validated ground truth dataset derived from a completed compliance
audit with EN 1175 is used for model validation and evaluation. The dataset is
based on the internal documentation described in Section 4.2.2. Labelling was not
performed directly by experts in the domain. Instead, it was derived from the
conclusions written by systems engineers with extensive experience in standards
compliance and system architecture. Each clause was associated with a conclusion
based on its relevance to a specific project. For example, if a conclusion stated that
a clause was relevant for Penta, it was labelled applicable (1); otherwise, it was
marked as not applicable (0).

This dataset contains clause—project classifications into three categories: Applicable,
Not Applicable, and No Requirement. These labels were derived from the com-
pliance conclusions associated with each clause, as described earlier. A total of
256 clause—project pairs are included, comprising 138 positive examples (Applicable,
54%), 89 negative examples (Not Applicable, 35%), and 29 entries labelled as No Re-
quirement (11%), which denote descriptive or editorial clauses that do not impose
implementation obligations.

4.2.4 Domain Keyword Lexicon

The process of semantic matching relies on a carefully compiled lexicon consisting
of 226 distinctive domain-specific terms. This lexicon was crafted through three
collaborative workshops with specialists in electrical systems, battery technologies,
and electromagnetic compatibility (EMC). It is organised into 14 separate technical
categories and covers hardware, software, performance, safety, and drive-related ele-
ments of energy storage systems. For purposes of transparency, traceability, and ease
of maintenance, the lexicon is maintained in plain text format within the analytical
workflow. The entire lexicon can be found in Appendix B.
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4.3 Preprocessing

To ensure that diverse input documents could be consistently analysed, a structured
preprocessing pipeline was applied to all data sources. The objective was to trans-
form each input into a semantically coherent, metadata-rich corpus of text sections,
suitable for embedding, semantic search, and LLM-based analysis.

4.3.1 Document-Specific Pre-processing Workflows

Standard (EN 1175). The Excel version of the EN 1175 standard served as
the primary input for regulatory requirements. Each row or section contained
a clause ID, title, and full description. Using pandas, empty fields were com-
pleted using fallbacks from adjacent columns, and a flat table of 256 normative
sections was produced.

Target Description (TD). The technical documentation was exported as a
structured XML file from SystemWeaver. All nodes were extracted along with
their metadata (ID, section text, and ancestor links). Irrelevant categories such
as placeholders and template structures were filtered on the basis of metadata
fields.

EU Directives. Legal directives were downloaded from the Official Journal in
HTML format. The main content subtree was extracted using BeautifulSoup,
retaining all legal text while removing scripts, styles, and boilerplate elements
such as headers and footers.

4.3.2 Section Structuring and Normalisation

Each document was segmented into meaningful text sections. For documents with
formal structure (e.g., clause numbers or XML items), one section per clause or node
was defined. Key operations included:

Removal of trailing punctuation, redundant whitespace, and non-informative
formatting.

Normalisation of checkboxes: visual glyphs such as [X] and [ | were replaced
by [TRUE] and [FALSE], respectively.

Expansion of standard abbreviations (e.g., Art. — Article).
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4.3.3 Structured Representation

All preprocessed data was stored in structured tabular formats to ensure consistency
across downstream processing. Two primary schemas were used:

Standards and Requirements These were stored with the following fields:

section_id —-- Unique identifier for the section

section_title -- Title or heading of the section

standard_text -— Full textual content of the standard
source_standard —-- Source of the requirement (e.g., EN 1175, Directive)
is_binding -- Boolean flag indicating legal binding status

Target Descriptions These were organised using;:

item_id —-- Unique identifier for the item

sid —-- Section or subsection identifier

ancestor -- Parent or hierarchical ancestor
product_section_title -- Title of the relevant TD section
product_section_text -- Full text content of the description

is_placeholder —-— Boolean flag indicating if content is a placeholder

4.3.4 Binding Clause Identification

Binding status was determined heuristically based on structured patterns in the
source material. The following rules were applied across the three document types:

1. Section Numbering: For structured standards such as EN 1175 and ISO
14990, sections appearing in introductory chapters (1-3) were marked as non-
binding.

2. Title and Prefix Heuristics: Titles containing terms like Scope, Foreword,
or Annex, or HTML sections with known prefixes (e.g., rct_, pbl_) were
marked as non-binding.

3. Template Metadata: In the TD XML, elements with known template names
(e.g., document headers or boilerplate sections) or placeholder-like descriptions
were excluded from downstream processing.
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Table 4.1: Structured regulatory and internal sources before and after preprocess-
ing. “Total sections” refer to entries structured according to Section 4.3.3. “Marked
valid” includes legally binding clauses and non-boilerplate.

Source Total sections Marked valid
EN 1175 (Excel) 256 227
Low Voltage Directive (HTML) 76 32
EMC Directive (HTML) 115 47
Battery Directive (HTML) 68 30
Target Description (XML) 239 173

Table 4.2: Supporting resources for compliance analysis.

Resource Count
Application Summary Features (Checkbox) 34
Expert Ground-Truth Clause-Project Pairs 256
Domain Keyword List 226 unique terms

4.4 Model Construction

Following preprocessing, the pipeline operates on two aligned corpora:
e P — N, =173 product sections of the internal documentation.
o § — Ny =515 regulatory clauses originating from Excel and HTML.

The objective is to map each clause s € S to one of the three compliance outcomes:
Not a Requirement, Requirement Not Applicable, or Requirement Applicable, accom-
panied by a certainty label. Notably, sections labelled as “non-binding” remain part
of the processing pipeline. This supports the goal of full coverage and traceability.

4.4.1 Embedding and Semantic Search

All text sections were transformed into vector representations using embedding mod-
els. For standards and regulatory clauses s € S, only the title of the section and
the body text were used to form the input, concatenated as text_for_embedding
= section_title + " " + section_text. The same approach was applied to the
product sections p € P, using their respective titles and texts. This consistent
structure ensured a uniform semantic representation across both corpora while ex-
cluding metadata fields. This embedding input format aligns with the structured
fields defined in Section 4.3.3.

To explore the impact of different embedding model architectures and intended use
cases, we selected two retrieval-optimized models: Legal-BERT, trained specifically
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for legal and regulatory language, and BGE-m3, a contrastively trained encoder
known for strong semantic retrieval performance. Additionally, we included two
general-purpose embedding models from major Al companies: text-embedding-ada-
002 from OpenAl and databricks-gte-large-en from Databricks. These embeddings
were used to identify semantic relationships between regulatory clauses and internal
content. The details of these four embedding models are shown below:

o Legal Bert: A domain-specific BERT model fine-tuned for legal texts and
applications[42].

« BGE-m3: A third-generation model from the BGE family, optimised for
multilingual and dense retrieval tasks[76].

» text-embedding-ada-002 (OpenAl): (default) A production grade em-
bedding model accessed through Azure OpenAl, which produces 1,536-dimensional
vectors[77].

« databricks-gte-large-en (Databricks): A transformer-based model built
for general-purpose semantic search and retrieval tasks|78].

All vectors were L2-normalized and stored in separate FAISS IndexFlatIP indices,
one per source document (e.g. EN 1175, EMC directive). This design allows co-
sine similarity to be calculated via the inner product, leveraging L2-normalization.
FAISS was selected for its scalability and performance, enabling efficient top-k re-
trieval even when operating across multiple clause sets independently. By maintain-
ing a distinct index for each standard or directive, we ensure that clause-product
matching is not biased by size or density differences across sources. This separa-
tion improves recall balance and allows clause relevance to be judged within the
contextual boundaries of each source document.

4.4.2 Domain Keyword Matching

Due to the domain-specific nature of the words on the list, it is important to accu-
rately detect their presence in the regulatory clauses. Instead of calculating similar-
ity, we use keyword matching to perform this search.

The keyword list contains three types of lexical items:
e Technical word. For example, "torque’, "radial’, etc.
o Domain-specific phrases. For example, "Power supply’, "short circuit”, etc.

o Descriptive phrases. For example, "extra low voltage’, etc.

For the first two types, words and phrases may appear in various forms in sentences,
such as singular or plural forms, or as gerunds. In addition, for phrases, we are not
limited to exact matches; individual words within a phrase can also carry important
meaning, for example "circuit” in "short circuit’. For the third type, there may be
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different ways to express the same concept. For example, "extra low voltage" may
also appear as "the wvoltage is extremely low" Based on these considerations, we
adopt a two-step approach: first match individual words, and then combine them
into phrases based on context.

First, we split all the regulatory texts and keyword lists that need to be matched
into single words. In order to improve the matching efficiency, we remove stop
words. After that, all words are lemmatised, while proper noun abbreviations (e.g.,
"EMC'") are preserved in their original form. After word matching, for each sentence
of the regulatory clause, we compare the matched words with the keyword list. If
the matched words form a phrase that exists in the keyword list, the complete
phrase is extracted as the matching result. Finally, two matching information are
generated for each regulatory clause: "Matched Domain_ Words _single" shows the
single word matching result. "Matched Domain_ Words complete” field shows the
complete result of the matching of phrases.

Using the 226 unique term lexicon, the procedure yields 297 single-token hits and 178
full-phrase hits across the EN 1175 standard and three EU directives. A document-
level breakdown (one standard + three directives) is provided in Appendix C.1,
Table C.1.

4.4.3 Semantic Retrieval of Regulatory Matches

Once all product and standard sections are embedded, each product section p € P
is matched to a corresponding regulatory source S; via semantic similarity. The
embedding input for product sections mirrors that of the standards, as described in
Section 4.4.1.

Each product embedding p is matched independently against each index, ensuring
that clause relevance is evaluated within the context of its own source. Because
all vectors are L2-normalized, the inner product computed by FAISS corresponds
directly to cosine similarity. This approach avoids bias introduced by corpus size or
density and provides more balanced recall across heterogeneous regulatory texts.

We define two key retrieval parameters: k = 10 (top-k results) and a similarity
threshold o > 0.5. These values were selected after empirical testing with multiple
configurations (kK = 5, 10, 20 and o ranging from 0.3 to 0.7), with the aim of
balancing retrieval quality and computational efficiency. The value k = 10 was found
to offer sufficient recall while keeping the number of candidate clauses tractable for
downstream processing. The threshold o > 0.5 helps eliminate surface-level matches
lacking real semantic alignment. These settings ensure the method remains scalable
and responsive in industrial contexts. Furthermore, because the end goal is to input
these into an LLM these parameters were deliberately chosen to be moderately
inclusive. The goal at this stage is not to make definitive compliance decisions, but
to assemble a broad set of candidates.

For each match above the threshold, associated metadata and domain keyword
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matches are collected. Specifically, matched domain words, both individual tokens
and complete phrases, are appended to the result. All matches are stored as struc-
tured rows in a result data frame, as shown in Figure 4.2. This data frame serves
as the foundation for subsequent classification and prompt construction.

Using these parameters with our encoder (text-embedding-ada-002) returns 197
candidate clauses for EN 1175 (176 of them binding), 67 for the Low-Voltage Di-
rective (28 binding), 92 for the EMC Directive (34 binding), and 66 for the Battery
Directive (31 binding). A document-by-document breakdown for all four encoders
evaluated in this study is given in Appendix C.2, Table C.2.

{
"section_id": ...,
"section_title": ...,
"standard_text": ...,
"source_standard":...,
"is_binding": true | false,
"matched_domain Words_single": ...,
"matched_domain_Words_complete": ...,
"matched_product_section_text": ...,
"similarity": ...,

}

Figure 4.2: Schema of the result dataframe storing clause—product matches.

4.4.4 Candidate Aggregation and Certainty Labelling

Once the candidate matches are recovered, the goal is to aggregate and classify them
according to relevance. The retrieval process from Section 4.4.3 is used to identify
the most similar product sections for each regulatory clause s. For each clause, we
retain the three most relevant sections, concatenate their texts, and compute the
maximum similarity score ouax(s) across the retrieved set.

Although the final analysis is framed around each regulatory clause, the matching
process initially iterates over product sections. This design choice is motivated by
computational and practical efficiency. The number of product sections is typically
smaller and more stable than the potentially large and diverse pool of regulatory
clauses spanning multiple standards. Matching from the product side allows early
filtering of irrelevant content, accelerates similarity search, and avoids overwhelming
the system with low-quality matches. After collecting high-confidence matches from
the product perspective, this step effectively flips the perspective of the analysis.
Instead of continuing to focus on product sections, we now aggregate results per
standard clause. This reorientation is intentional and aligns with industrial prac-
tice, compliance assessments are typically structured around verifying regulatory
obligations one-by-one, not reverse-mapping from internal documents. By focusing
on each standard clause, we can evaluate whether sufficient contextual evidence ex-
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ists in the product documentation to support or exclude its applicability. Clauses
without strong semantic alignment are retained in the dataset for completeness but
are assigned a similarity score of zero.

Each clause is uniquely identified by its combination of section_id, section_title,
and standard_text, allowing matches to be reliably grouped and aggregated across
sources. The aggregation process groups the clause-product matches by these keys
and combines their top 3 matching evidence sections. This ensures that we cap-
ture diverse contextual support for each clause while maintaining tractability. After
merging with the full regulatory set, the resulting data frame contained 515 total
clauses, including those without high-similarity matches. Clauses without semantic
matches are explicitly retained in the dataset with a zero similarity score.

To normalise scores across heterogeneous content lengths and domains, a z-score
is calculated for each op,.x(s) based on the distribution of non-zero similarities.
The 20" and 80' percentiles of the z score distribution are used together with
the keywords from 4.4.2 to define adaptive certainty labels. The decision logic is
summarised in Table 4.3.

Table 4.3: Certainty labelling logic based on similarity z-scores and domain key-
word matches.

Z-Score Range Keyword Indicator Certainty Label

= 0 (no matches) None No Match

< 20" percentile No domain unigram match Very certain not relevant
> 80" percentile Full-phrase domain match  Very certain relevant
Otherwise Any Possibly relevant

A document-level overview of the certainty labels is provided in Appendix C.3,
Table C.3. The numbers of clause—section matches that fall in the lower (20 %)
and upper (80 %) similarity bands, are summarised in Table C.4 of the same Ap-
pendix. This approach ensures that the certainty labels are statistically adjusted
to the observed distribution of similarity scores. The result is a data frame with
clause metadata, similarity scores, aggregated product evidence, keyword hits, and
certainty classifications (see Figure 4.3).
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{
"section_id": ...,
"section title": ...,
"standard_text": ...,
"source_standard":...,
"is_binding": true | false,
"matched_Domain_Words_single": ...,
"matched Domain_Words_complete": ...,
"matched_product_section_text": ...,
"similarity": ...,
"z _score":...,
"certainty_label": "Very certain relevant" |
"Possibly relevant" |
"Very certain not relevant" |
"No match"
}

Figure 4.3: Schema of the final aggregated dataframe after candidate matching
and certainty labelling.

4.5 LLM-Assisted Requirement Classification

This section describes the use of a LLM in the final stage of our pipeline, where each
regulatory clause is assessed for applicability against project documentation. Due
to the diversity of input information and the complexity of reasoning, one-shot or
few-shot prompting is not suitable for this task.

4.5.1 Prompting Strategy

To help the model reach conclusions through a reasoning process aligned with com-
pliance work and considering the need for interpretability in engineering applica-
tions, we use a combination of zero-shot and Chain-of-Thought (CoT) prompting.
To provide a system-level background, we combine role definition with clear instruc-
tional guidance. The general flow of reasoning and prompting is shown in Figure 4.4.

4.5.2 Prompt Construction

The entire prompt construction process is as follows:

1. Background definition. First, the model is assigned the role of a legal / reg-
ulatory compliance advisor that helps meet the product requirements. Second,
the model is informed of the structure of the user input and its main task. At
the same time, background information about the project is provided.

2. Implement Chain-of-Thought (CoT) prompting. The model is clearly

34



4. Methods

System message User Input
1, Role definition 1, A section from a standard or regulation
2, Task description 2, Matched project description section
3, Background description 3, Matched engineering keywords

Is it a requirement?
Hint: If prescriptive
language is used

Does this clause
apply to this

project? No

Yes No
Requirement Requirement Not Not a
Applicable Applicable Requirement
Output: Qutput:

1, Answer 1, Answer

2, Reasoning process 2, Reasoning process

3, Requirements, parameters 3, Brief summarization of the
range and references clause

Figure 4.4: Prompting and reasoning flowchart in LLM.

instructed to choose from three possible answers: Not a Requirement; Re-
quirement Not Applicable; Requirement Applicable. The reasoning process
for answering questions is as follows: First, the model determines whether this
regulation or standard clause constitutes a requirement. A guiding prompt is
provided: If the clause uses prescriptive language (’shall,” 'must,” 'requires,’
‘obligates’), it is considered as a requirement. Second, if this clause constitutes
a requirement, the model needs to determine whether this requirement is appli-
cable to the project. The basis for judgment is the relevance between the clause
content and the project description keywords provided by the user. Here, the
model is also given background information on the company’s business scope
and is also required to refer to the model in the judgment process.

3. Result output. The result output will consist of three parts. 1) The answer,
2) The reasoning process, 3) The term explanation. For the third part, the
model will generate different answers based on the judgment results of the pre-
vious step. If the answer is Requirement Not Applicable or Not a Requirement,
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the model will output a summary of this clause. If the answer is Requirement
Applicable, in order to improve the implementability of this conclusion in the
engineering practice process and help people quickly understand this clause, the
model is required to identify the subject of the clause and the specific require-
ments for this subject. At the same time, the model is also required to list the
range of values of specific parameters and all references (if mentioned). Here,
the one-shot prompt is used to help the model understand the range of values
of a specific parameter.

The full implementation code and system prompt logic are provided in Appendix D.

4.5.3 Execution Settings

During the compliance checking process, the answer to whether a regulatory clause
applies to a project should be deterministic. At the same time, since the input
prompt, including the matching project description and keywords, are unchanged,
the reasoning process for generating this answer should also be consistent. Based
on this consideration, the low temperature setting was chosen to enhance the con-
sistency of the response, ensuring that the model produces stable and reproducible
outputs, particularly important for regulatory tasks that require high interpretabil-
ity and reliability.

While setting temperature = 0 would theoretically maximize determinism, it can
lead to overly rigid or repetitive phrasing and does not fully guarantee determinism
in practice. Recent research has shown that outputs can still vary slightly even
at zero temperature due to floating-point precision issues and hardware-level non-
determinism in LLM backends [79]. Therefore, we used a slightly higher setting
of temperature = 0.2, which preserves consistency while allowing for clearer and
more fluent justifications in clause reasoning.

Each aggregated record sends a message to the LLM with max_tokens = 800. Non-
binding clauses skip the LLM and receive “Not a requirement” by default.

4.5.4 Evaluated Language Models

To evaluate the impact of different model architectures and sources on the results,
and identify the most effective combination of embedding models and LLMs, we
performed a comparative analysis of the validation set using the four embedding
models introduced in Section 4.4.1 and four LLMs. Referring the research by Hassani
et al.[70], the three widely used and well-regarded models: GPT-40-mini, GPT-
3.5-turbo from OpenAl and Meta-llama-3-70b-instruct from Meta are selected. In
addition, to explore the latest advancements of LLMs, we included Claude 3.7 Sonnet
from Anthropic, a powerful new LLM released in 2025. The details of the four models
are shown below:

o GPT-40-mini (OpenAl): A compact and efficient version of GPT-4o, offering
strong performance with faster inference and lower cost, suitable for scalable
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compliance automation[80].

« GPT-3.5-turbo (OpenAl): A widely used baseline model with strong lan-
guage understanding capabilities, used here as a point of comparison for more
advanced architectures[81].

« Meta-llama-3-70b-instruct (Meta): A 70 billion-parameter instruction-tuned
model from Meta, evaluated for its robustness in complex reasoning tasks in
regulatory language[82].

« Claude 3.7 Sonnet (Anthropic): A safety-aligned, instruction-following model
with high transparency and strong performance on legal and interpretive tasks[83].

4.5.5 Final Output Schema

The output of the compliance pipeline is a structured data frame that contains all
relevant metadata, similarity scores, domain keyword matches, LLM-based classifi-
cations, and certainty labels. This data frame serves as the final result passed to
downstream users and systems, such as SystemWeaver, for compliance documenta-
tion and traceability.

Importantly, the pipeline uses a two-step filtering approach: first, semantic similarity
is used to identify potentially relevant matches between the regulatory standard and
the product description. However, not all of these matches are actual requirements;
some may be contextually related without imposing a concrete obligation. Therefore,
the second step applies a large language model to interpret each matched pair and
generate a structured conclusion, classifying whether the clause genuinely constitutes
a requirement and, if so, in what form. This layered process ensures high recall
while reducing false positives, helping downstream users focus only on actionable
obligations.

Each row in the output represents one clause—product pairing and includes the
following fields:

This structured format supports both traceability and further automation. It allows
downstream systems not only to retrieve model predictions but also to review the
justification logic (via LLM answers), evaluate matching strength, and audit domain
keyword relevance. The inclusion of prediction and ground truth fields also enables
robust model evaluation, as discussed in Section 4.7.

4.6 Prototype Integration

This section outlines how the research pipeline described in Sections 4.4 and 4.5 was
operationalised into a practical end-to-end compliance tool within Volvo Penta. The
implementation is designed to preserve traceability and modularity while offering an
accessible front-end for legal and engineering teams.
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Table 4.4: Final output schema of the compliance pipeline.

Field Name

Description

section_id
section_title
standard_text
source_standard
is_binding
MDW_single
MDW_complete
PST
max_similarity
Z_score
certainty_label
answer

RD

prediction

label

Unique identifier for the regulatory clause

Title of the regulatory clause

Full textual content of the clause

Source document name (e.g., EN 1175, LVD)

Boolean indicating if the clause is legally binding
Matched domain-specific words (tokens)

Matched complete domain-specific phrases

Matched internal product description section
Maximum cosine similarity score from semantic retrieval
Normalized similarity z-score for certainty classification
Categorization label (e.g., Very Certain Relevant)
LLM-generated label and conclusion (text)

Binary decision derived from model output: 1 if the require-
ment is applicable, 0 otherwise (i.e., both “Requirement Not
Applicable” and “Not a Requirement”)

Processed model output in binary form (used in evaluation)

Ground-truth label for validation (1 = Applicable, 0 = Not)

4.6.1 System Overview and Architecture

The solution is delivered as a multipage web application developed in Streamlit,
hosted within the Databricks (Azure) environment, with each page corresponding to
a different stage in the compliance pipeline. The workflow aligns with the method-
ology introduced in Sections 4.3 through 4.5, and is implemented as follows:

1. Product Summary Upload: Accepts internal XML documentation and
extracts product-level content.

2. Standard Upload: Processes known regulatory files and maps them us-
ing a persistent library_map.json. A prepopulated standards database re-
duces user overhead: if the standard already exists in the system, only the
target description (TD) must be uploaded. The system supports uploading
and analysing multiple standards simultaneously, allowing for multi-document
compliance screening and aggregation of results across regulations.

3. Semantic Analysis: Performs embedding, similarity matching (as per Sec-
tion 4.4.3), and domain keyword detection.
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4. LLM Classification: For each high similarity match, invokes a hosted LLM
endpoint to generate final compliance assessments (as per Section 4.5).

5. Visualization: Displays aggregated results including scores, labels, and trace-
able clause metadata.

6. Human-in-the-Loop (HITL) Review: Allows expert reviewers to inspect,
override, and annotate the final LLM outputs.

To simplify and increase usability, the system supports a one-click automation mode:
if the user uploads only a target description (TD) that includes metadata on relevant
standards, the system automatically executes all upstream stages, from standard
retrieval and embedding to clause matching and classification, until it pauses at the
HITL review interface.

4.6.2 Traceability and Data Integrity

At each stage, source identifiers such as section_id, sid, and ancestor are stored
to enable full back-tracing of decisions. The aggregate sections of Section 4.4.4
are also stored with their source to preserve traceability. The application manages
the intermediate state using st.session_state, allowing users to navigate out-of-
order steps while maintaining data consistency.

File mappings are tracked using a structured index (library_map.json), which ties
each uploaded standard to a canonical internal name. This ensures that reanalysis
can occur on identical versions of a regulation, supporting repeatability.

4.6.3 Human-in-the-Loop Review and Interaction

The final step of the tool introduces a controlled Human-in-the-Loop (HITL) inter-
face. Here, users are presented with the LLMs classification results from Section 4.5,
including clause metadata, product evidence, similarity scores, and natural language
justifications.

Users can:
« override the predicted certainty label;
« edit or append justification text;

« annotate errors or flag ambiguous cases;

export selected rows to SystemWeaver for downstream system design.

All errors provided by experts made in the HITL interface are stored in an internal
database. These edits are linked to the original clause ID and time-stamped, allowing
downstream systems to retrieve historical decisions, perform compliance audits, or
bootstrap future supervised training datasets.
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This interactive page serves two purposes: (1) it allows for expert verification of
Al-generated results in legally sensitive contexts, and (2) it generates annotated
data that could inform future fine-tuning efforts. Any modifications made during
the HITL review are stored alongside the original predictions for full traceability.

4.6.4 Deployment Context and Access

The complete system is deployed in the secure Azure environment of Volvo Penta.
All document processing and inference occur within the corporate tenant, no sen-
sitive files or embeddings are sent externally. The LLM classification endpoint is
deployed as an Azure Function and is accessed via token-restricted API calls.

The final outputs can be downloaded as CSV or Excel files or programmatically
submitted to internal compliance tools. In particular, the complete, clause-level
analysed version of the standard, including all predicted labels, supporting evidence,
and expert edits can be uploaded to SystemWeaver via its official API endpoint. This
integration ensures that compliance results are preserved alongside formal system
documentation, enabling cross-functional traceability. This setup ensures that the
research pipeline is usable within operational constraints and aligned with Volvo
Penta’s compliance workflow.

4.7 Validation Methodology

This chapter outlines how the proposed compliance pipeline was evaluated both
quantitatively, using expert-labelled ground-truth data, and qualitatively, through
targeted stakeholder interviews.

4.7.1 Quantitative Evaluation Design

Dataset

The primary benchmark consists of 256 clause—project pairs, each manually derived
by the conclusions of the senior compliance engineers. The pairs are the text or body
of one section of the standard, and then the conclusion for that section mapped to a
(1/0) label. These pairs originate from a full analysis of the EN1175:2020 standard,
as introduced in Section 4.2. This ground-truth expert file provides a reliable basis
for evaluating classification accuracy.

e Source: Expert-labelled compliance file.
e Scope: 256 clause—project pairs.
« Labels: ’Applicable’ and 'Not Applicable’, mapped to binary targets (1/0).

The complete structure of the model output processed for evaluation is described
in Section 4.5.5. This schema includes key fields such as the original clause text,
product section match, LLM-generated classification, and the binary decision flag
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requirement_decision, which is used as the predicted label of the model during
validation.

To compute quantitative evaluation metrics such as accuracy, precision, and recall,
the model output was originally in one of three categories: Requirement applicable,
Requirement not applicable, and Not a requirement was mapped to a binary format.
Specifically, only the applicable requirement was treated as a positive prediction
(label = 1), while the requirement not applicable and the requirement not required
were assigned to negative predictions (label = 0). This binary mapping reflects the
core objective of identifying clauses that are truly relevant and applicable to the
project and aligns with how the ground-truth data were annotated (binary format:
applicable/not applicable).

Metrics

The system’s classification output will be compared against the ground truth using
the following metrics:

e Accuracy — fraction of correct predictions.

e Precision — fraction of predicted positives that were actually correct.

e Recall — fraction of actual positives that were correctly predicted.

e F5 Score — harmonic mean of precision and recall, weighted to favour recall.

These metrics are selected to reflect both the correctness and completeness of pre-
dicted applicability labels, especially favouring recall due to the cost of false nega-
tives in compliance contexts. The F, score is chosen over F; to place greater em-
phasis on recall, as missing a truly applicable requirement poses a higher risk than
misclassifying a non-applicable one. In case of borderline predictions or misclassifi-
cation, the human-in-the-loop mechanism (Section 4.6) provides a critical safety net
for review and correction.

A total of 16 combinations were tested on the validation set, consisting of four
embedding models mentioned in Section 4.4.1 and four LLMs mentioned in Sec-
tion 4.5.4. Furthermore, due to the non-deterministic behaviour of LLMs[84], even
with a lower temperature setting in the experiment, the model may still generate
different outputs each time. To assess the impact of non-deterministic behaviour on
this task, we selected the combination with the highest recall score identified in the
comparative evaluation and run it on the validation set several times using identical
input prompts in order to observe variations in the generated answers. Wang et al.
conducted 10 repeat runs in their self-consistency study([85]. Their research also sug-
gested that five or ten repetitions are generally appropriate in practice, considering
computational cost. In this study, we conducted five repeat runs as a preliminary
assessment of the consistency of the model.
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4.7.2 Qualitative Evaluation Design

To assess the usability, interpretability and decision support potential of the pro-
totype, we conducted semi-structured interviews with industry professionals. This
method is well suited for the evaluation of interactive systems, as it combines the
consistency of a guided structure with the flexibility to explore emerging issues in
depth [86, 87]. Such interviews are widely used in human-computer interaction and
software engineering to gather user-centred and rich feedback [86].

Participants

We recruited six participants: 2 Compliance Engineers, 2 System Engineers,
and 2 Project Managers. This sample size aligns with usability research suggest-
ing that five to six participants can uncover the majority of usability concerns [88],
while also approaching thematic saturation in qualitative studies [89].

Participants were selected using a maximum variation sampling strategy to ensure
representation in key roles and capture a wide range of perspectives [87]. Fur-
thermore, following expert sampling principles, all participants had a minimum of
three years of experience or had participated in at least one full product devel-
opment lifecycle. This criterion ensured that interviewees could provide informed,
experience-based evaluations of the applicability of the prototype in the real world.

An overview of the roles and experience of the participants is provided in Tables
4.5 and 4.6.

Table 4.5: Interview participants: IDs and roles.

ID Role

P1 Chief Project Manager

P2 Regulatory Affairs Manager

P3 System Engineer

P4 Chief Project Manager

P5 Senior Safety Compliance Engineer
P6 Specialist Systems Engineering Leader

Interview Protocol

Each interview lasted 45-60 minutes and followed a semi-structured guide:

1. Warm-up: Establish the role and experience of the participant with compli-
ance evaluation.

2. Prototype Walkthrough: Present representative outputs including various
label combinations (e.g., Applicable, Not Applicable, No Requirement) and
confidence levels (Very Certain, Possibly Relevant, etc.).
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Table 4.6: Interview participants: organizational focus and experience.
ID Organizational Focus Experience
P1 Platform development and compliance execu- | 25 years total, 15 as
tion Project Manager Engi-
neer (PME)
P2 Industrial regulatory compliance (non-marine | 3 years, specialized in
diesel, electromagnetics (EM)) EM
P3 Functional architecture, components, and | 8 years at company
charging systems
P4 Platform lifecycle and planning 3 years at company
P5 Application of EU directives and standards | 10 years, extensive with
(Conformité Européenne (CE), EMC) EU compliance
P6 Embedded system requirements and diagnos- | 5 years in system-level
tics engineering at company

3. Guided Discussion: Explore perceptions of label accuracy, interpretability,
and trustworthiness using a structured nine-question protocol.

4. Wrap-up: Elicit feedback on integration potential and desired improvements.

The complete interview protocol is provided in the Appendix G. The thesis super-
visor reviewed and validated the content to ensure relevance, clarity, and alignment
of the content with the research objectives. Feedback from this review was incorpo-
rated into the final set of questions.

Participants were shown model outputs from the same industrial case as in 4.2.2, but
across two types of regulatory sources: the EN 1175 standard, which had been man-
ually analysed and labelled in advance, and three EU directives, which lacked any
predefined classifications. This setup allowed participants to evaluate the historical
accuracy of the model using the labelled data, while also evaluating its interpretabil-
ity and potential usefulness on previously unseen inputs. Details of these regulatory
sources are provided in section 4.2.

All interviews were conducted one on one, recorded with participant consent, tran-
scribed, and anonymised prior to analysis. Although the discussion followed a struc-
tured protocol, the interviewers remained flexible, asking follow-up questions or ex-
ploring additional topics where relevant, in accordance with the semi-structured
format.

Analysis Approach

We applied thematic analysis following the Braun and Clarke six-phase frame-
work [90], which is widely used in qualitative research to identify and analyse mean-
ing patterns in data. The process involved:
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1. Familiarization: Transcripts were read multiple times to gain an overall
sense of the data.

2. Initial Coding: Salient segments were systematically tagged using open cod-
ing. Each meaningful unit (e.g., comment, reflection, concern) was labelled
with short descriptive codes.

3. Theme Development: Codes were iteratively grouped into candidate themes
that captured shared meanings or concerns.

4. Theme Review: The initial themes were refined by reviewing them against
the entire dataset to ensure internal consistency and distinctiveness.

5. Defining and Naming Themes: Each theme was clearly defined, named,
and assigned to the research focus, particularly regarding the usability, trust
and potential of the system.

6. Reporting: Themes are presented in Section 5.2, supported by representative
quotes from the participants.

This approach, also known as semantic coding when focused on explicit content, is
widely recognised in empirical software engineering as an effective means of trans-
lating qualitative data into actionable findings [91]. Themes such as Interpretability
Challenges and Integration Concerns emerged from repeated participant comments,
and these form the foundation of our qualitative results presented in Section 5.2.

By integrating structured analysis with the perspectives of domain experts, this
qualitative evaluation complements our predictive validation and offers a compre-
hensive view of the readiness of the system for real-world deployment.

Coding procedure

Using an inductive, data-driven strategy, both authors first open-coded two “pi-
lot” transcripts in parallel (two 90-minute sessions). This yielded roughly 56 pro-
visional codes. A 60-minute consensus meeting then aligned code names and def-
initions, creating a shared mini-codebook. With that common frame in place, the
remaining four transcripts were divided between the authors and coded separately,
followed by a second 60-minute reconciliation session. During this stage the 56 codes
were merged into conceptually related code clusters and iteratively refined into the
six final themes reported in Section 5.2.
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5.1 Quantitative Evaluation Results

5.1.1 Evaluation Matrix

Based on the above verification method in Section 4.7.1, we tested 16 combinations
on the validation set. The user input part extracts different matching project de-
scriptions depending on the embedding model used. In actual deployment, we get
access to the two OpenAl LLMs, gpt-35-turbo and gpt-4o-mini, via the Azure Ope-
nAl platform. The Meta-llama-3.3-70B-Instruct and Claude 3.7 Sonnet are deployed
on databricks and can be used directly by calling their respective endpoints. The
full evaluation set is shown in table 5.1.

Table 5.1: Evaluation matrix of 16 combinations of model on the validation set.

GPT-40-mini

GPT-3.5-turbo

Meta-llama-3-3-
70b-instruct

Claude 3.7
Sonnet

Accuracy: 0.715
Precision: 0.769

Accuracy: 0.707
Precision: 0.676

Accuracy: 0.789
Precision: 0.792

Accuracy: 0.789
Precision: 0.739

Recall: 0.732
F2 Score: 0.739

Recall: 0.906
F2 Score: 0.849

Recall: 0.870
F2 Score: 0.849

Legal Bert Recall: 0.674 Recall: 0.877 Recall: 0.826 Recall: 0.942
F2 Score: 0.691 F2 Score: 0.828 F2 Score: 0.819 F2 Score: 0.893
Accuracy: 0.738 Accuracy: 0.719 Accuracy: 0.793 Accuracy: 0.777
Precision: 0.771 Precision: 0.679 Precision: 0.774 Precision: 0.726
BGE-m3

Recall: 0.942
F2 Score: 0.889

text-embedding-ada-002

Accuracy: 0.723
Precision: 0.760
Recall: 0.710
F2 Score: 0.720

Accuracy: 0.703
Precision: 0.661
Recall: 0.920
F2 Score: 0.853

Accuracy: 0.773
Precision: 0.767
Recall: 0.833
F2 Score: 0.819

Accuracy: 0.785
Precision: 0.732
Recall: 0.949
F2 Score: 0.896

databricks-gte-large-en

Accuracy: 0.746
Precision: 0.774
Recall: 0.746
F2 Score: 0.752

Accuracy: 0.668
Precision: 0.635
Recall: 0.906
F2 Score: 0.834

Accuracy: 0.766
Precision: 0.760
Recall: 0.826
F2 Score: 0.812

Accuracy: 0.777
Precision: 0.724
Recall: 0.949
F2 Score: 0.894

5.1.2 Average Performance Over Multiple Runs

From the above results, it is evident that Claude 3.7 Sonnet consistently achieves
significantly higher recall and F2 scores across all four embedding models compared
to the other language models. Among them, the combination with text-embedding-
ada-002 yields the highest recall and F2 score overall. Therefore, we selected the
text-embedding-ada-002 + Claude 3.7 Sonnet combination for further evaluation
and repeated the test five times using the same setup. The results are presented in
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the following table 5.2.

Table 5.2: Evaluation metrics of the model using text-embedding-ada-002 -+
Claude 3.7 Sonnet on validation set over five repeated tests.

Test 1 | Test 2 | Test 3 | Test 4 | Test 5
Accuracy | 0.785 0.773 0.773 0.770 0.773
Precision | 0.732 0.720 0.725 0.718 0.722
Recall 0.949 0.949 0.935 0.942 0.942
F2 Score | 0.896 0.892 0.884 0.887 0.888

Table 5.3: Mean and standard deviation of evaluation metrics over five repeated
validation tests (text-embedding-ada-002 + Claude 3.7 Sonnet).

Metric Mean | SD

Accuracy | 0.775 | 0.006
Precision | 0.723 | 0.005
Recall 0.943 | 0.006
Fy Score | 0.889 | 0.005

Table 5.2 details the metric scores for each of the five validation runs. Based on
these results, Table 5.3 consolidates the model performance by reporting the mean
and standard deviation (n = 5) for each metric, giving a clear picture of both its
predictive capacity and the variability between runs.

Table 5.4: Average evaluation metrics of the model using text-embedding-ada-002
+ Claude 3.7 Sonnet.

Metric | Average Score
Accuracy 0.775
Precision 0.723
Recall 0.943
Fy Score 0.889

5.1.3 Representative Confusion Matrix

The confusion matrix shown in Figure 5.1 corresponds to Test 1, one of the five
validation runs performed during model evaluation. Although performance metrics
were averaged for all runs (see Table 5.2) to assess overall consistency and robust-
ness of the model, this specific matrix is presented as a representative example to
illustrate the behaviour of the model in individual predictions.

Due to the high similarity observed across all five confusion matrices, both in struc-
ture and in class distribution. We chose to include only this one in the main body
of the thesis for clarity and conciseness. The remaining four confusion matrices,
corresponding to Tests 2 through 5, are provided in Appendix E for reference.
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Confusion Matrix - Run 1

48

Not Applicable

True Label

Applicable

Not Applicable Applicable

Predicted Label

Figure 5.1: Confusion matrix for text-embedding-ada-002 + Claude 3.7 Sonnet
on Validation Set (Test 1).

5.2 Qualitative Evaluation Results

Thematic analysis of the six interview transcripts produced six primary themes re-
garding the perceptions of participants about the precision, usability, risks, and po-
tential integration of the prototype into real-world workflows. These themes emerged
across the three participant roles described in 4.7.2 and reflect shared patterns as
well as role-specific concerns. Each theme is described in the following with repre-
sentative anonymised quotes.

5.2.1 Theme 1: Conditional Trust in Automated Outputs

All six participants said they would use the model, but only with human oversight.
P1 put it bluntly, “I would definitely try to use this as much as possible ... but
I wouldn’t trust it 100 %.” P2 framed the stakes in regulatory terms: “Everything
is my risk ... If the model makes a mistake and we miss a critical requirement, it
could be a disaster.” Reinforcing that caution, P4 noted that “you still need to go
through the data anyway,” adding that a 77 % hit rate is acceptable only if “we
don’t miss anything critical outside that.”

5.2.2 Theme 2: Perception of Time Savings—and the Risk
of Double Work

Five of the six interviewees (P1, P3, P4, P5, P6) saw clear time-saving
potential during early workshops. P3 recalled spending “several weeks with multiple
departments” and remarked that “if this tool can reduce that, it’s huge.” Likewise,
P5 estimated that it “could save 30 % of the time ... maybe even more if it’s
accurate enough.” However, the same people warned that benefits disappear if every
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clause still needs verification; as P1 put it, “then it’s not really saving time—it’s
double work.”

5.2.3 Theme 3: Risk of Missing Critical Requirements

All six participants identified false negatives as the single most serious risk. P2
stressed that “even missing one critical requirement could mean the product is not
compliant,” while P4 argued that if something is flagged “ No match and it turns out
to be relevant ... the whole filtering approach breaks.” P6 summed up the worst-
case scenario: “We ship something that turns out to be non-compliant because of a
missed label.”

5.2.4 Theme 4: Integration Potential and Feature Sugges-
tions

Three participants (P1, P3, P6) proposed concrete feature requests to aid adop-
tion. P3 wanted functional-safety clauses highlighted “in a separate list” because
they are “hard to reverse-engineer if missed early” P1 asked for “a visual sum-
mary—how many are applicable or uncertain—plus a time estimate to finish the un-
certain ones,” and P3 added that direct export to systems-engineering tools “would
save time” by preserving traceability IDs.

5.2.5 Theme 5: Quality of Model Explanations and Output

Three participants (P3, P5, P6) praised the clarity of the generated text. P3
admitted that “some of the conclusions written by the model were actually better
than the ones I had written myself,” and P5 found that the structured output
“definitely makes it easier to understand” than reading raw standards documents.

5.2.6 Theme 6: Expectations for Model Adaptability and
Learning

All six participants expected the model to evolve over time. P6 said that “if it
learns from our input and adapts, then we can trust it more,” while P2 warned that
“standards change, so if the tool can’t evolve, it becomes outdated fast.” P4 hoped
the system would “remember how we judged similar clauses before ... and adjust
next time.”

Summary

These results reveal a cautiously optimistic attitude towards the prototype. All
participants appreciated its potential to reduce manual effort, improve clarity, and
structure their work, but emphasised the need for safeguards, adaptability, and
thoughtful integration. Successful adoption depends on sustained model accuracy,
transparency, and responsiveness to real-world changes.
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5.3 Prototype Output Used in Evaluation

The prototype interface was central to the evaluation process. Participants in-
teracted directly with each stage of the pipeline, from product upload and clause
matching to model predictions and human-in-the-loop (HITL) review.

Figure 5.2 shows the clause-level prediction and review interface, which was used to
verify labels, inspect similarity-based justifications, and override model outputs.

Step 6: Human in the Loop (HITL) Review

Review & Edit Entire Classified Results

Review the entire table below. You may adjust the 'certainty_label' or 'answer" fields as needed.

HITL Review

Submit Entire Reviewed Results

Submit Reviewed Data (All Standards)

Review and Edit a Specific Standard

Select a Standard Source to Edit

Figure 5.2: Final HITL review interface displaying the section_id,
section_title, and standard_text columns. Additional fields are available in
the scrollable view to the right.

Additional screenshots covering the six pipeline stages are included in Appendix F.

5.3.1 Example Output Row from Prototype

Table 5.5 shows a full example of a final output row from the prototype system. It
contains the original clause text, the engineering content matched, the embedding
scores, the matched domain terms, the LLM-generated justification, and the final
classification label. This row is representative of the 515 clauses processed by the
system, with the remaining outputs following a similar structure.
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Table 5.5: Example row output from the prototype’s final classification pipeline.

Clause ID

EN 1175:2020 - 4.3.1

Clause Title

Low voltage/high voltage

Standard Text

Safety shall not be compromised at any voltage level that can oc-
cur. Electrical systems of trucks powered by lead-acid batteries
shall be designed so that all functions operate in the voltage range
from 70% up to 120% of the nominal battery voltage. These lim-
its shall be adapted to other energy sources technologies by the
manufacturer.

Source Standard

EN 1175

Binding Clause

True

Matched Domain | power, system, source, battery, voltage, energy, limit

Words (Single)

Matched Domain | voltage, over voltage, Power, under voltage

Words (Complete)

Matched Product | [Truncated: internal engineering description covering regulatory

Section Text

compliance, battery types, safety standards, voltage constraints,
and lifetime expectations/

Similarity Score

0.859

Z-score

1.268

Certainty Label

Very Certain Relevant

LLM Final Label

Requirement Applicable

LLM Justification
(Excerpt)

“This section is a requirement because it uses prescriptive language
with ‘shall’ statements... The clause aligns with project data show-
ing battery systems and voltage control, making it directly applica-
ble.”

See Appendix H for the complete justification.

50




O

Discussion

This chapter interprets the findings from both quantitative and qualitative evalua-
tions in relation to the research objectives. The results are discussed in the context
of the three research questions presented in Chapter 1:

« RQ1: How can we develop a system that automatically links requlatory re-
quirements to relevant product and engineering information in Volvo Penta’s
lifecycle?

« RQ2: How can this system be effectively integrated into Volvo Penta’s engi-
neering workflows to support traceability, usability, and transparency in decision-
making?

e RQ3: How does the system perform in terms of accuracy, interpretability,
and explainability, and to what extent does it support decision-making based
on expert evaluations and real-world scenarios?

The quantitative results provide a direct response to RQ1 and RQ3 by assessing
the technical performance of the model across key compliance metrics. At the same
time, by quantitatively analyzing model performance aspects such as running time
and consistency in model output, the usability of the model mentioned in RQ2 is
also emphasized. In addition, the qualitative themes primarily inform RQ2 and the
interpretability dimension of RQ3.

In addition to the analysis of the results of the model, this chapter also discusses
the limitations, validity, and directions of the model for future work.

6.1 Discussion Regarding the Quantitative Eval-
uation

This section will quantitatively analyse and discuss the model based on the results
of the experiment in Section 5.1. This includes a comparative analysis of the perfor-
mance of the model itself, a analysis of the evaluation matrix of the model output
results, and a statistical analysis and discussion of the uncertainty of the model
output.
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6.1.1 Model Evaluation Metrics Analysis

The evaluation of the final model configuration, combining text-embedding-ada-002
for semantic retrieval with Claude 3.7 Sonnet for clause classification, shows promis-
ing performance across multiple compliance-related metrics. The model provided
stable and accurate predictions on five independent runs.

Overall Performance Summary

Averaged over five cross-validated runs, our system achieves 77.5 % accuracy,
72.3 % precision, 94.3 % recall, and a recall-weighted Fy of 88.9 %. Clause-
level benchmarks in the literature range from 79 % to 89 % accuracy. Moon et
al. [67] report 88.9 % accuracy with F; = 0.93 on construction-risk clauses; Amaral
et al. [13] reach 84.6 % accuracy but only 82.4 % recall on GDPR data-processing
agreements; and Braun & Matthes [68] obtain ~83 % accuracy with F; = 0.88
on multilingual terms and conditions clauses. The precision of our model is slightly
lower than these baselines, but its significantly higher recall raises F5 above all three,
which is crucial for compliance tasks where missing a relevant clause is costlier than
a false positive (see 6.2). We also surpass the GPT-4 GDPR checker of Hassani et
al. [70], which reports 81 % accuracy and F; > 0.80 but does not optimise for recall.

Recall-Oriented Strategy and Justification

The model consistently prioritised recall across all runs, achieving 94% in each.
This design aligns with compliance objectives, where failing to detect an applicable
requirement (a false negative) can pose significant legal and safety risks. By priori-
tising completeness over strict precision, the system ensures that potentially relevant
clauses are flagged for further inspection, even if some eventually prove inapplicable.

Precision Trade-offs and Interpretation

The precision of 72.3% reflects the proportion of correctly identified applicable
clauses among all those predicted as applicable. Although lower than recall, this
is a reasonable trade-off considering the classification complexity and variability in
regulatory language. False positives are often due to nuanced clauses or lack of com-
plete project information in the input text. Such errors are manageable in practice,
particularly in systems that incorporate human review of outputs.

Run-to-Run Stability

The performance of the model was consistent between the five validation runs (Ta-
ble 5.2), with only slight variations between the metrics. The accuracy ranged from
77.0% to 78.5%, and the Fy score varied between 0.884 and 0.896. This indicates
that prompt format, retrieval strategy, and temperature setting (temperature =
0.2) contributed to robust and reproducible behaviour in repeated evaluation.
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Confusion Matrix Analysis

The confusion matrix in Figure 5.1, derived from Test 1, provides insight into the
classification tendencies of the model. Of 256 validation samples, 131 were cor-
rectly classified as applicable (true positives), while 7 were missed (false negatives).
The model also flagged 48 false positives and correctly rejected 77 clauses as not
applicable or not a requirement.

This matrix confirms the recall-oriented bias of the model. Only a small number
of applicable clauses were missed, while more were over-included. In compliance
workflows, this over-inclusiveness is preferable, as it avoids the risk of overlooking
valid regulatory obligations.

Analysis of Misclassification Cases

After reviewing the 55 misclassified cases shown in Figure 5.1 in Test 1, the reasons
are summarised as follows.

o The 48 false positives were caused by incorrect attribution of responsibility
or application scope. For example, some clauses are the responsibility of the
Original Equipment Manufacturer (OEM), and the subject of some regulatory
clauses is not included in the product scope of Penta. The reason for the mis-
classification is the lack of sufficient project information. Although the model
is provided with project background and some project-specific keywords, it
is not enough to cover all components and technical details. Therefore, it is
essential to establish a specific compliance knowledge library. The purpose of
saving the results of the manual review is to support the subsequent establish-
ment of a compliance knowledge base.

o Among the 7 False Negative cases, 2 were caused by the model’s failure to
correctly identify whether the clause constitutes a requirement. This could
potentially be addressed by providing clearer definitions of a requirement,
and such errors are considered within an acceptable margin of error. The
remaining false cases were due to the model’s difficulty in determining whether
the regulatory subject is within the product scope of Penta, which is the same
as the cause of the error of False Positive cases.

The analysis of misclassification cases also highlights the model’s emphasis on the
interpretability and traceability mentioned in RQ2 and RQ3. When experts review
the model’s output, they can clearly see its reasoning process and the supporting
evidence, allowing them to assess whether the reasoning is reasonable.

Impact of Limited Data Availability

Although, the experiment demonstrates that even with limited resources, LLM-
based pipelines can offer useful and scalable support for compliance interpretation
tasks. It is important to note that the model was validated using only a single
annotated engineering project with 256 total samples. Despite this limited dataset,
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the results remain encouraging. The model generalises well across repeated tests.
However, broader validation using projects from other domains or industries will be
necessary to fully assess its generalisability and readiness for practical deployment.

6.1.2 Model Performance Analysis
Running Time

The running time of the model plays a crucial impact on the user experience. In
the method proposed in this study, the running time of the large language model
accounts for a large proportion of the total running time, and it varies greatly
depending on the LLM selection. The table 6.1 below summarises the approximate
run-times of the four selected LLMs over a total of 256 prompts in the validation set.
Since the change in running time is affected by many factors, such as network speed,
service resource load, etc., this table describes the approximate time the model runs
on the validation set.

Table 6.1: Running time of different LLMs on the validation set.

GPT-3.5-turbo GPT-40-mini Meta-llama-3-3- |\ 40 3 7 Sonnet
70b-instruct

Approximate

R . 1 h 20 mins 20 mins 30 mins 45 mins
Running Time

Among the four models evaluated, the GPT-3.5-turbo exhibited the longest runtime,
with a single regulatory clause that took nearly one and a half hours to process. In
contrast, GPT-40-mini demonstrated significant improvements in speed, offering a
much more lightweight and efficient solution. Meta-llama-3-70B-Instruct showed
slightly slower performance compared to GPT-40-mini, but remained within a rela-
tively fast range. Claude 3.7 Sonnet, while slower than Meta-llama-3-70B-Instruct,
also maintained an acceptable runtime overall. As one system engineer pointed out
in the interview (Section 5.2.2) that compared with traditional methods, such as
when conducting compliance work with EN 1175, which is the same standard used
in our validation set, where several days were spent on workshops followed by several
days for decision-making, 40-minute running time of the model is entirely accept-
able. Even longer durations are considered reasonable, as they form part of the
necessary preparation process. In view of this, the time taken by these four models
to complete this task is considered reasonable.

Closed- vs Open-Source Model Trade-offs

An interesting observation arises when we compare the closed baseline (Claude 3.7
Sonnet) with the strongest open-source alternative (Meta Llama-3-70B-Instruct) in
Table 5.1. Across all four embedding models, Claude leads by roughly one to two
percentage points in Fy and by about 10 pp in recall (e.g. 94.9 % vs. 83.3 % with
text-embedding-ada-002). However, Table 6.1 shows that Llama runs the same
256-clause workload in 30 minutes, a full third faster than Claude’s 45 minutes,
and, being open source, maintains all regulatory texts on premise, allows exact
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reproduction of results, and eliminates perpetual API fees once GPUs are amortised.
In the short term, Claude’s slightly higher recall is helpful during rapid prototyping;
in the long run, however, the governance, cost, and flexibility advantages of Llama
outweigh its narrow performance gap. A pragmatic strategy is therefore to start
projects with the closed model for speed, then transition to (or run it alongside) the
open model once internal fine-tuning closes the remaining recall margin.

Consistency in Model Output Format

In the experimental instructions, the LLMs were guided to complete the task in
three distinct steps, the first step requiring the model to select one answer from
three predefined options. However, the four LLMs show varying levels of adherence
to the instructions and their consistency in output formatting also differed. The
figure below presents the distribution of the selected options generated by 4 LLMs
on the validation set using the same embedding model "text-embedding-ada-002".
Additionally, the distribution of output from the four LLMs are summarised as
Figure 6.1:
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Figure 6.1: The distribution of the answers from the four LLMs.

o As shown in the figure above, GPT-3.5-turbo fails to correctly identify the
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"Not a Requirement" category. In terms of output format, for each output,
it can strictly follow the 1, 2, and 3 parts to organise the answers. However,
there is inconsistency in the answer to the first part. Although some outputs
begin directly with "1. Requirement Applicable", others start with "1. Choose
one of the three answers: Requirement Applicable".

e GPT-40-mini can successfully choose the answers from the three predefined
options according to the instructions. Its outputs consistently follow the 1-
2-3 structure, and the format is uniform across all responses. Specifically,
point 1 is always presented in the format "1. Requirement Applicable" (or the
respective chosen label).

o Meta-llama-3-3-70b-instruct also successfully completed the answer selection
according to the instructions. Its output format of results also strictly follows
the three steps. However, a small number of responses began with introductory
phrases such as: "Based on the provided information, I conclude that:"

o Claude 3.7 Sonnet successfully identified the answers in accordance with the
instructions. From the output format, it also strictly followed the instructions
to output the three-paragraph conclusion, but the format was not uniform.
Some answers were structured according to 1, 2, 3 points, and some answers
were arranged according to "Assessment"', "Reasoning Process', "Subject and
Requirements".

From the perspective of output format consistency of the above models, GPT-4o0-
mini and Meta-llama-3-3-70b-instruct can generate answers very well according to
the format requirements of the instructions and are able to maintain a consistent
structure across different outputs. GPT-3.5-turbo struggles to accurately follow the
instructions for answer selection, but can roughly output answers with consistent
formats. Claude 3.7 Sonnet follows the instructions well in terms of content, but
the output format shows some variability.

6.1.3 Evaluation of Non-Deterministic Behaviour of LLMs
in Compliance Requirements Generation Tasks

Consistency Analysis

We performed a consistency analysis on the results of the five repeated tests in
Section 5.1. For each clause in the validation set, we found the mode label (i.e.,
the label that occurs most frequently) across the five test results and calculated the
proportion of tests that equalled this mode label. The number of clauses at different
levels of agreement ratio is shown in Table 6.2.

Table 6.2: Clause count by agreement ratio.

Agreement Ratio | 0.6 | 0.8 | 1.0
Clause Count 6 12 | 238
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As can be seen in the table, the agreement ratio of most clauses is 100%, and
very few are 80% and 60%. For clauses with an agreement ratio greater than 70%,
which means that the model produced consistent results in at least four of five
tests, we consider the model to have a high consistency in the answer to this clause.
According to the statistical results, the proportion of clauses with high consistency
reaches 97.66%, indicating that the model has high consistency in the performance
of the compliance requirements generation task.

Analysis of Inconsistent Samples

Six samples with an agreement rate below 70% were analysed. The differences in
the model outputs seem to come from the following reasons:

e« Not enough detail about how the product is used. In these six sam-
ples, the main issue was whether the requirement was part of Penta’s area of
work. The prompt only gave a general overview of the company’s business,
project background, and field of use, but did not include specific details about
the parts involved in the project. Because of this, the models gave different
answers depending on how they understood the situation. In all five tests, the
models used the prompt information correctly, but came to different conclu-
sions because they interpreted the information in different ways. For example,
when deciding whether the emergency brake device requirement was applied,
some responses said it did not fit the business scope, while others focused on
how the parts work together and said it was relevant.

o Different focus on the prompt information. Even though the input was
the same, some answers paid more attention to the scope of use, while others
focused on whether the project description matched. This difference in focus
led to different ways of thinking and different results.

The above analysis suggests that providing sufficient technical details of the prod-
uct can reduce the inconsistency of the responses. However, since this compliance
requirement is generated in the early stages of product development, it is difficult
to obtain enough product details. Furthermore, the TD is manually created and the
quality of the document varies each time, which can also affect the product details.
In this case, the model should tend to identify the clause as applicable, leaving the
final determination to domain experts. Regarding the prompt information focus
issue, it is difficult to define which part should be emphasised for a given clause,
which also requires experts to further confirm based on their experience. By inte-
grating this model into the existing workflow, experts can modify and save the final
output results. These results can then serve as high-quality training data, helping
to improve the accuracy of future predictions through machine learning techniques.

6.1.4 Summary

The model shows good accuracy, with particularly strong recall and F2 scores, which
addressed RQ3 and indicating its reliability in minimizing the risk of missing any

57



6. Discussion

applicable requirements. The results also demonstrate its ability to align regulatory
requirements with relevant product and engineering information, which is the cen-
tral goal of RQ1. At the same time, the model has efficient running time and high
consistency of answers, which proves that the model has good usability, correspond-
ing to RQ2. In addition, its traceability and interpretability allow for a detailed
analysis of misclassification and inconsistent cases.

6.2 Discussion Regarding the Qualitative Evalu-
ation

This section interprets the six qualitative themes identified in Section 5.2 and eval-
uates their implications for trust, usability, and future adoption of the prototype.
These findings primarily address RQ2 by evaluating workflow fit, human-AI col-
laboration, and system usability, while also informing RQ3 on interpretability and
human-centred trust.

6.2.1 Theme 1: Conditional Trust Reflects Real-World Ac-
countability

Theme 1 revealed that participants were cautiously optimistic but ultimately unwill-
ing to delegate the final responsibility to the model. Although they appreciated the
structure and predictions of the model, they saw it primarily as a support tool, not
a replacement for expert judgment. This reflects a form of institutional trust, where
the key concern is who bears the risk if something goes wrong. As one participant
put it, ’Everything is my risk’. Even with technically sound performance, trust is
withheld unless organisational safeguards and accountability structures are in place.
This aligns with patterns in the interaction between humans and Al where trans-
parency, control, and clear responsibility are essential in high-stakes contexts [92].

A related concept closely related to trust is transparency, which is formally defined
in Section 2.7. In this study, transparency was improved by the structured outputs
and explanation fields provided by the prototype, such as the similarity score, key-
word matches, and the model reasoning text. These elements allowed participants
to trace the origin of each conclusion and verify the logic behind it. Even when
participants disagreed with a model decision, they acknowledged that being able to
‘see the reasoning’ increased their confidence in using the tool responsibly. Thus,
transparency plays a fundamental role in trust calibration, especially in regulatory
and safety-critical domains where interpretability is not negotiable [52].

In particular, the system engineers expressed the greatest appreciation for this trans-
parency and logic structure. They highlighted that the system’s consistent reasoning
steps and explicit reference to domain-specific keywords made it easier to trace clause
applicability. Compared to other participants, they were more willing to accept the
recommendations of the tool, provided that the justification was clear, even if the
final decision still remained with a human. This suggests that transparency not
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only underpins trust, but also aligns well with engineering mindsets that value ex-
plainability and traceability. Project managers, on the contrary, tended to prioritise
efficiency over insight. And preferred a streamlined experience where they could
simply press a button and receive a recommendation, showing less interest in the
underlying reasoning.

6.2.2 Theme 2: Time Savings vs. Double Work: A Trade-
Off

Theme 2 addressed efficiency expectations. Participants frequently mentioned the
time-consuming nature of compliance analysis, especially in the early stages of the
project. Several noted that the model could significantly reduce hours spent in
cross-functional workshops, aligning with previous findings that early filtering can
yield large productivity gains [93]. However, others expressed concern that if the
model’s outputs must still be fully verified, it could become “double work” rather
than a shortcut. In particular, while concerns about output reliability were raised,
the execution times of the model itself did not. As shown in Table 6.1, partici-
pants considered these run-times negligible compared to the extensive manual effort
typically required for the compliance analysis.

At the same time, many participants clarified that accuracy was not the primary
concern as long as the system could reliably flag all potentially applicable clauses.
As one participant explained, 'I don’t mind checking 100 items, as long as I’'m not
missing number 101 This suggests that users are less sensitive to false positives
than to missed obligations. In this perspective, the system’s value is not in perfect
classification but in its ability to act as a filter, safely surfacing all ambiguous cases
for human review.

Therefore, the 77% accuracy achieved by the best-performing configuration was
interpreted not as a failure to automate, but as a signal of how much manual ef-
fort could be safely delegated. From this perspective, every clause that can be
reviewed confidently and correctly skipped represents net time saved. This aligns
with human-in-the-loop deployment principles, where automation acts as a support-
ive sieve rather than a final judge.

6.2.3 Theme 3: False Negatives as Critical Barriers to Adop-
tion

The most serious technical adoption blocker emerged in theme 3: the risk of false
negatives. Participants viewed any missed applicable requirement as a potential
compliance or safety failure. This reflects technical trust, where confidence depends
on the model’s ability to perform reliably under domain-specific constraints. Some
participants said they could tolerate false positives (‘extra work’), but not false
negatives ('project risk’). This aligns with regulatory priorities, where recall is often
more important than precision [94]. Even if users trust the organisation, they will
not rely on a model that fails to highlight critical items. To maintain trust, future
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systems must be conservative in exclusion and generous in detecting ambiguity.

Furthermore, while concern about false negatives is legitimate and deeply rooted
in compliance culture, it is also important to contextualise the expectation. No
machine learning model, regardless of domain, can guarantee perfect recall. This
limitation is not a flaw in the proposed system, but a well established constraint of
statistical learning methods in general [95].

Expecting zero false negatives assumes perfect legal interpretation (which even hu-
mans disagree on) or a manual fallback on every clause. Both scenarios undermine
the productivity gains intended by the automated system. As such, a more realistic
view is to use the system as a high-recall filter, accepting that some review remains
necessary but reducing the total burden.

Additionally, the presence of a Human-in-the-Loop (HITL) review stage acts as a
critical safeguard. This workflow ensures that no decision is final without expert
verification. It mirrors common design patterns in safety-critical AI, where ma-
chines flag but humans decide [96]. Rather than replacing responsibility, the system
augments it, providing traceable, explainable first-pass assessments that help teams
focus their attention.

Ultimately, the adoption of Al in regulated engineering environments will require
a shift from unrealistic perfection expectations toward risk management, assisted
decision-making, a model already accepted in fields such as medical diagnosis [97].
In that sense, this thesis proposes not a replacement for accountability, but a tool
to sharpen and support it.

6.2.4 Theme 4: Integration and Feature Needs Are Central
to Usability

Theme 4 emphasised that for the prototype to be usable, it must go beyond techni-
cal classification. Participants requested further integration with existing tools (e.g.,
SystemWeaver), exportable summaries for reporting, and smart filtering, especially
for functional safety requirements. This indicates that technical performance is nec-
essary but not sufficient. Integration into real workflows is a critical adoption factor.
It also confirms broader trends in the design of human-AT interactions, which empha-
sise the importance of the surrounding infrastructure to allow meaningful use [93].
However, participants were generally positive about the current set of features. Al-
though they saw clear value in integration and some minor interface enhancements,
they did not express major unmet needs or request new functionality. In fact, sev-
eral participants noted that the prototype already provided most of what they would
expect from a useful support tool. This suggests that core capabilities, such as se-
mantic matching, clause justification, and structured output, align well with user
expectations and may already meet the baseline requirements for practical deploy-
ment.
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6.2.5 Theme 5: Output Quality Adds Value Beyond Pre-
diction

An unexpected insight in theme 5 was the perceived value of the model-generated
explanations. Some participants explicitly stated that the conclusions were clearer
than what they would have written themselves. This highlights the potential of
the system not just as a predictor, but as a structured documentation assistant. In
compliance contexts, where traceability and clarity are critical, this kind of genera-
tive value is not trivial. Recent work on language generation for regulated domains
confirms this trend, showing that structured summaries can enhance both commu-
nication and auditability [94].

However, this added value was less apparent when reviewing outputs from EU di-
rectives. Participants noted that while the model’s reasoning ’looked good’, they
felt unqualified to verify its correctness due to the abstract and legalistic nature of
the directives. Unlike harmonised standards such as EN 1175, which map closely to
engineering practices, directives are often too high-level for clause-by-clause techni-
cal interpretation. This highlights a practical limitation of applying our system to
legal sources that lack operational detail and underscores the continued importance
of harmonised standards for engineering compliance work.

6.2.6 Theme 6: Adaptability and Learning Are Expected
Features

Finally, theme 6 revealed that users did not view the model as a fixed tool. In-
stead, they expected it to improve over time, either by learning from prior inputs
or adapting to changing standards. Several participants suggested that if the tool
can evolve through feedback, it would earn more trust and reduce future verification
needs. This aligns with the concept of augmented intelligence [93], where tools adapt
alongside expert workflows. It also suggests the value of building a feedback loop,
either through active learning, annotation refinement, or user-adjusted thresholds.

Summary and Implications

The six themes indicate that an Al-assisted pipeline can already reduce compliance
workload, but only when certain sociotechnical preconditions are satisfied.

RQ1: Themes 2 and 5 demonstrate that the retrieval + LLM system effectively
achieves its main goal. Highlights the most potentially relevant clauses at an initial
stage, provides explicit explanations, and condenses numerous pages of regulation
into a concise and annotated list of results. Some interviewees even mentioned that
the model’s text was clearer than their personal notes, providing clear evidence
that a well-trained system can generate links that are truly beneficial in routine
engineering tasks.

RQ2: Themes 1, 2, and 4 underscore that the adoption of a tool is influenced
more by its compatibility with workflows than just by its performance metrics.
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Engineers are unlikely to use the tool unless its results are incorporated within
SystemWeaver, maintain trace-links, and display confidence indicators that enable a
predictable review process. Thus, the key elements driving adoption are integration,
traceability, and transparent accountability.

RQ3: Themes 1, 3, 5, and 6 focus on trust and explainability. Users may en-
counter more false positives (which means extra work), but not false negatives (which
result in missed obligations). They appreciated the chain-of-thought explanations,
referring to them as “living documentation,” and anticipate that the system will
adapt from their corrections across various projects. This highlights the importance
of having calibrated confidence scores and an effective feedback mechanism.

6.3 Limitations & Delimitations

Limitations

This study is subject to a number of limitations which can be grouped into two cat-
egories: inherent limitations related to the current state of technology and context,
and addressable limitations that can be addressed in future work.

A fundamental limitation lies in the variability and non-determinism of LLMs. These
models can generate inconsistent outputs for similar inputs due to their probabilis-
tic nature, especially under non-zero temperature settings. Although prompt en-
gineering and parameter tuning help reduce this effect, full consistency cannot be
guaranteed without access to deterministic models. In addition, regulatory clauses
often contain ambiguous or context-dependent language, which even domain experts
may interpret differently. This introduces subjectivity into both labelling and model
evaluation.

Another inherent constraint is the limited size and scope of the ground-truth dataset.
The evaluation set consists of 256 clause—project pairs, derived from the EN 1175
standard and a single product line. Although this allows for a tightly scoped eval-
uation, it limits the generalisability of the results to other domains, products, or
regulatory frameworks.

However, several limitations are more remediable. The current system lacks a
closed-loop feedback mechanism. Although the prototype supports human-in-the-
loop (HITL) validation, it does not yet incorporate that feedback to improve future
predictions. Integrating an active learning strategy or retraining pipeline could pro-
gressively improve accuracy and adaptability.

Another addressable limitation concerns the domain coverage of the keyword lexicon
and embedding models. The prototype is tuned to electrical propulsion systems, and
performance may degrade when applied to unrelated domains. However, this can
be mitigated by expanding the domain lexicon through expert workshops and fine-
tuning embeddings using additional annotated data.
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A practical challenge lies in the frequency with which the regulations are updated.
Regulatory frameworks, such as EU directives or harmonised standards, can change
on an annual basis. The current system assumes static regulatory input and lacks
version control or update monitoring mechanisms. As a result, prior applicability
classifications may become outdated over time. Addressing this would require de-
veloping a semi-automated pipeline to detect new versions of standards, identify
modified clauses, and trigger reclassification. A mechanism like this is practical and
would significantly improve long-term reliability.

Finally, while the system includes explainability features such as clause similarity
scores and LLM-generated reasoning, these may not meet all stakeholder needs.
Some users may require structured legal justifications or cross references to internal
standards that go beyond the current output format.

Delimitations

To manage data shortage, this study leverages pre-trained language models, un-
supervised embedding-based retrieval, and zero-shot reasoning. These techniques
reduce dependence on large labelled datasets and enable generalisation to unseen
clauses. Although this approach may not match the performance of a fully super-
vised system trained on domain-specific data, it provides a practical and deployable
solution in data-constrained industrial contexts.

To compensate for incomplete project context, domain-relevant keywords were ex-
tracted through expert workshops and analysed from high-level Target Description
(TD) files. These were integrated into prompt templates and keyword matching al-
gorithms to simulate contextual understanding without requiring full system models.

In terms of scope, the system was developed and evaluated within the context of
Volvo Penta’s SystemWeaver environment and regulatory focus areas. Broader gen-
eralisation would require adaptation to other compliance tools, engineering artefact
schemas, and international legal frameworks. In addition, the study focusses on
clause-level applicability classification and does not address downstream compliance
activities such as testing, certification, or regulatory auditing. These remain impor-
tant directions for future research.

Expert feedback was collected through iterative prototype demonstrations and struc-
tured interviews. This helped refine prompt design, interface layout, and output
format, ensuring that the system aligns closely with actual engineering workflows
and user expectations.

6.4 Threats to Validity

Internal Validity

In the quantitative evaluation, all test conditions were kept constant except for vari-
ations in the embedding model and LLM, ensuring that the observed performance
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changes could be attributed to these variables. Ground truth labels were derived
from compliance conclusions curated by experienced engineers and domain experts,
increasing annotation reliability. Although two annotators labelled the data collab-
oratively, no formal inter-rater agreement metric was calculated, which limits our
ability to quantify annotation consistency. Furthermore, the data set itself, derived
from expert conclusions in SystemWeaver, may contain errors, as even domain ex-
perts can disagree or make mistakes. Although this introduces some uncertainty,
the annotations serve as a practical ground truth, reflecting the current best under-
standing used in real-world compliance workflows.

To reduce interviewer bias in the qualitative evaluation, all interviews followed a
semi-structured format with open questions and minimal prompting. FEach partici-
pant was individually interviewed to avoid conformity effects or groupthink. How-
ever, the interview guide was reviewed only by the thesis supervisor. Best practice
recommends that interview protocols be reviewed by multiple experts or tested in a
pilot with representative users to assess the clarity of the question and reduce the
bias of wording [98]. Additionally, no inter-rater reliability check was applied to the
thematic coding of responses, which could affect the consistency of the qualitative
interpretation.

External Validity

Although the model design, which includes semantic embeddings, similarity search,
and LLM-based classification, is widely useful for regulatory compliance tasks, some
elements are still specific to particular domains. The curated keyword lexicon was
developed specifically for Volvo Penta’s product categories and cannot be generalised
to fields such as aerospace, medical devices, or financial systems. Similarly, the
prompt templates assume familiarity with engineering concepts and structure drawn
from SystemWeaver artefacts, which limits their portability without adaptation.

Despite these constraints, the modular design of the system enables incremental
domain adaptation. For instance, new keyword sets and prompt templates can be
substituted with minimal code changes, and the architecture supports re-embedding
corpora from other regulatory sources.

Results Validity

To prioritise recall in compliance-sensitive scenarios, the Fy score was selected as
the primary evaluation metric. Among the 16 model configurations tested, substan-
tial variance was observed in LLM performance, while embedding models showed
relatively smaller differences. However, due to computational and time constraints,
statistical significance tests (e.g. t-tests or bootstrap intervals) were not performed,
and performance stability was only measured across five repeated runs for the top-
performing model.

The qualitative evaluation used thematic coding of the interview responses and
included participants from various engineering and regulatory roles. This diversity
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enhanced the robustness of the findings. However, the sample size was relatively
small and no formal saturation analysis was performed to confirm the completeness
of the themes. Lack of follow-up interviews or member verification also limits the
confirmability of interpretations.

6.5 Future Work

The current prototype demonstrates the feasibility of combining semantic retrieval,
keyword enrichment, and large language models (LLMs) to support compliance in-
terpretation in engineering contexts. However, several promising directions remain
for extending its capabilities and improving industrial applicability.

An important future direction involves extending the current two-step filtering pro-
cess, which combines semantic analysis with a pre-trained LLM, by incorporating
models trained on data from the HITL review process. Lightweight, domain-specific
classifiers could handle routine clause filtering with greater speed and interpretabil-
ity. In the longer term, fine-tuning a custom LLM on this growing labelled dataset
may improve prediction accuracy in complex cases. These additions would enhance
technical capabilities outlined in RQ1 and improve reliability and trust as discussed
in RQ3.

Another direction involves expanding the system integration with the internal tools
of Volvo Penta. At present, the model runs on the Azure platform and requires man-
ual data extraction from SystemWeaver, with only the outputs being re-integrated
via API. Future iterations should aim to embed the model more deeply within Sys-
temWeaver as a native plug-in. This would allow direct retrieval of product meta-
data, automatic trigger of compliance checks when standards or designs change,
and streamlined feedback mechanisms between compliance assessments and systems
engineering. Such an integration would further enhance usability and traceabil-
ity, directly contributing to RQ2 by aligning the system with engineers’ real-world
workflows.

More empirical validation is also needed to assess the generalisability of the system.
So far, the evaluation has focused on a single standard (EN 1175) within a single
project. Future work should test the system across various regulatory frameworks,
such as ISO 13849 or ISO 10218, as well as in different engineering domains such
as marine propulsion or stationary power systems. This would help confirm that
the model is adaptable to varying terminology, document structures, and regulatory
cultures. Broader evaluation would not only validate performance under RQ3, but
would also ensure that the system can be scaled responsibly across new use cases
and product lines.

Another key future challenge lies in model governance and traceability. As Al tools
are introduced into high-stakes regulatory decision-making, organisations must en-
sure that their use is aligned with accountability, auditability, and traceability prin-
ciples. This includes implementing version control for models and prompts, logging
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system outputs, and preserving trace links between input text, model reasoning,
and human edits. Such measures are essential for building trust in Al-assisted deci-
sions, especially in consideration of emerging standards like ISO/TEC 42001 on Al
governance [99]. These governance capabilities are especially relevant for long-term
deployment and contribute to the transparency and trust dimensions of RQ2 and

RQ3.

Finally, as the system scales, practical concerns such as inference cost and response
time will become increasingly important. Future work could investigate hybrid
architectures that combine fast, shallow models with LLMs, apply prompt optimi-
sation to reduce token use, or evaluate the deployment of compressed models for
less critical tasks. These optimisations would enhance the system’s sustainability
and responsiveness without compromising its interpretability or reliability.
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Conclusion

This thesis has demonstrated the potential of combining representation learning
techniques with large language models (LLMs) to support regulatory compliance
in engineering domains. Addressing the first research question (RQ1), a two-phase
pipeline was developed to map regulatory clauses and engineering artifacts into a
shared semantic space, followed by clause-level classification using an LLM. Evalu-
ated against an expert-annotated dataset, the system achieved 77.5% accuracy and
94.3% recall, resulting in an Fy score of 88.9%. These results show that the method
is particularly effective for high-recall filtering, making it well suited for compliance
checks where completeness is critical.

The second research question (RQ2) examined integration, usability, and trans-
parency. The prototype was linked to SystemWeaver and supports automatic up-
load of results with traceability to relevant engineering artefacts. To improve trans-
parency, features such as confidence scores and editable justifications were added.
The engineers appreciated being able to review the reasoning of the model and saw
the potential of the tool to support gate reviews, reduce preparation time, and im-
prove the traceability of documentation. However, they stressed that the ultimate
responsibility should remain with human experts.

For the third research question (RQ3), both performance metrics and user feed-
back indicated that the system’s outputs were generally clearer and more structured
than previous documentation. Experts were willing to accept some false positives
to achieve high recall, but pointed out that false negatives could be more problem-
atic. This underlined the importance of keeping a human-in-the-loop to review and
validate results.

There are some limitations to the study. The focus was primarily on the EN 1175
standard, which may restrict the extent to which the approach can be applied. Ad-
ditionally, the LLM occasionally produced overly verbose or inaccurate content. Fu-
ture work should explore active-learning loops driven by user corrections, automatic
rechecks when artefacts or regulations change, broader validation across additional
standards and product lines, and the introduction of governance tooling. Such as
audit logs, model cards, and rollback mechanisms, to meet emerging Al-assurance
requirements.
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Overall, the findings serve as an initial validation of the potential for integrating
semantic embeddings, large language models, and human expertise to improve the
efficiency and interpretability of compliance analysis. Although the system does not
replace expert judgment, it helps prioritise areas for review, suggesting a promis-
ing direction for Al-augmented compliance engineering in Volvo Penta and similar
contexts. However, further research and iterative development are required to fully
assess scalability, reliability, and domain adaptation.
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A. TD-Cited Standards

A

TD-Cited Standards

Table A.1: Standards formally cited in the TD for the anonymised electric propul-
sion project.

Standard or Directive Application Area Included in
Study?

Low  Voltage Directive General Electrical Yes

2006/95/EG Safety

EMC Directive 2014/30/EC  Electromagnetic Com- Yes
patibility

Directive 2006/66/EC (Bat- Hazardous Substances Yes

teries) in Batteries

EU 2018/858 Vehicle Type Approval No
(On-Road)

ECE R10 EMC for Vehicle Com- No
ponents

ECE R100 Battery Safety (Vehi- No
cles)

US GHG / CARB ZEP US Market Emissions ~ No

Machine Directive Machinery Safety Partially

2006/42/EC (via EN 1175)

Outdoor Noise Directive Environmental Noise No

2000/14/EC

Directive 2012/19/EU  Waste Electrical & No

(WEEE) Electronic Equipment

Directive 2011/65/EU  Restriction of Haz- No

(ROHS2) ardous Substances

I[SO 14990-1 Safety of Earth-Moving No
Machinery (Part 1)

ISO 14990-3 Safety of Earth-Moving No
Machinery (Part 3)

EN 1175:2020 Electrical Safety for In- Yes

11 dustrial Trucks




B

Lexicon of Domain-Specific Terms

The following table lists the 226 unique domain-specific terms used in the semantic
matching stage of our analysis, organized by 14 technical categories.

Category

Terms

Charging

DCDC

EMC

ESS HW (Energy
Storage System —
Hardware)

ESS SW (Energy
Storage System —
Software)

charging cable, charging inlet, charging connector,
charging plug, voltage class B, low voltage, stand still,
immobilize, contactors, over current, over charging, short
circuit

DC/DC converter, converter, power supply, extra low
voltage, voltage class B, voltage class A, DC voltage
supply, over current, over charging, short circuit
Radiated emission, RE, Conductive emission, CE,
Radiated immunity, RI, Conductive immunity, CI, ESD,
magnetic field, EMC

Contactors, fuses, pack, cell, module, RESS, EES, cell
chemistry, Lithium, li-ion, NMC, Lithium nickel
manganese cobalt oxides, LFP, Lithium iron phosphate,
anode, cathode, electrolyte, cylindrical, pouch, prismatic,
pre charge resistance, busbars, internal resistance,
insulation monitoring, insulation, isolation, interlock loop,
HVIL, OCV

BMU, battery management unit, BMS, battery
management system, SOC, State of charge, SOH, State of
health, SOE, State of energy, SOP, state of power, EOL,
end of life, SOX, BOL, beginning of life, power limits,
current limits, temperature limits, ageing, aging,
balancing

Continued on next page

ITT



B. Lexicon of Domain-Specific Terms

Table B.1 — continued from previous page

Category

Terms

Electric machine

Electric performance

Insulation measurement

Inverter

MDS (Main Drive
System)

OnBC

Performance

electric machine, electric motor, motor, generator,
regenerator, Speed, torque, over speed, shaft, position
control, rotor, stator, spin direction, direction of rotation,
winding temperature, bearing, bearing current, thermal
hotspot, insulation class, demagnetization, torque ripple,
balancing grade, IEC 60334, permanent magnets, stall
torque, locked rotor, rpm, power factor, Nm, inertia, rotor
inertia, peak torque, constant torque, continues torque,
rare earth material, frame size, shaft height, drive end,
non drive end, radial, axial, flux, radial force, radial flux,
axial flux, axial force, interturn short circuit, inter-turn
short circuit, neutral point, star point

Withstand voltage, Over voltage category, OVC,
Pollution degree, IPXX, IP code, ingress protection code,
dielectric, Protective earth, PE, potential equalization
point, PEQ, impulse voltage, material group, creapage,
clearance, parasitic capacitance, temperature rise, coolant
leakage, leakage test, power module

insulation, isolation, £2/V, insulation coordination,
clearance distance, creepage distance, frame fault, short
circuit

electric motor drive, electric machine drive, voltage pulse
rise time, power factor correction, active short circuit,
short circuit, THD, power factor, DC bus discharge, DC
link discharge, DC link capacitance discharge, power
module

electric drive systems, electric drive train, propulsion,
unintended acceleration, unintended deceleration,
traction, propel, propulsion, overvoltage, reflection
voltage, voltage reflection, two phase short circuit, three
phase short circuit, phase order, Y-connection, delta
connection, star connection, triangle connection

OnBC, On-board charger, AC/DC converter, converter,
Grid supply, power source, power supply, Power factor,
Supply voltage, mains, mains supply, AC voltage, voltage
class B, Low voltage, three phase, neutral, split phase,
single phase, over charging, short circuit

Power, energy through put, capacity, voltage, peak
current, self discharge, battery diagnostics, cell
diagnostics

IV

Continued on next page
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Table B.1 — continued from previous page

Category

Terms

Safety

ePTO (Electric Power
Take-Off)

Thermal event, TRD, thermal runaway detection,
gassing, outgassing, PPR, passive propagation,
propagation, cell venting, pack venting, CID, current
interrupting device, over charge, over charging, charging,
discharging, over voltage, under voltage, over current,
short circuit, Over temperature, coolant leakage

voltage class B, AC voltage supply, DC voltage supply,
Power supply, over current, three phase, neutral, single
phase, short circuit
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Semantic Matching Results

C.1 Domain Keyword Matching

Table C.1: Single-word and complete-phrase keyword hits for the binding parts of
the four directives analysed in this thesis.

EN 1175 | Low Voltage Directive | EMIC Directive | Battery Directive
Single word matched count 197 28 42 30
Complete words matched count 142 14 12 10

Table C.1 expands the headline figures reported in Section 4.4.2. Counts are de-
rived from two sources: (1) 400 unique single words, obtained through tokenization,
lemmatization, stop-word removal, and deduplication from the original 253-term
lexicon; and (2) 226 complete unique terms retained after deduplication from the
original one. Because the lexicon itself is fixed, tokenisation and lemmatisation are
deterministic; hence the numbers do not vary across model configurations used later
in the pipeline.

C.2 Product-Section Match Counts

Table C.2: Number of product sections retrieved by each embedding model for
the EN 1175 standard and three EU directives. “Binding” indicates clauses that fall
inside a document’s normative scope.

Low-Voltage EMC Battery
EN 1175 Dir. Directive Directive
Legal-BERT 144 (131 binding) | 44 (16 binding) 57 (16 binding) 42 (19 binding)
BGE-m3 187 (165) 60 (24) 76 (31) 55 (25)
text-embedding-
ada.002 197 (176) 67 (28) 92 (34) 66 (31)
databricks-gte-
large-en 207 (186) 66 (25) 100 (38) 61 (27)
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C. Semantic Matching Results

Counts are based on the retrieval settings described in 4.4.3 (k = 10, ¢ > 0.5).

C.3 Certainty-Label Statistics

Table C.3: Distribution of certainty labels for each embedding model across the
EN 1175 standard and three EU directives. NM: No Match, VCNR: Very Certain
Not Relevant, VCR: Very Certain Relevant, PR: Possibly Relevant.

Model Label Document
EN 1175 Low-Voltage EMC Battery

NM 40 18 28 15
VCNR 10 3 4 2
Legal- BERT VCR 29 9 12 9
PR 177 46 71 42
NM 29 11 23 8
VCNR 10 9 9 4
BGE-m3 VCR 38 12 15 11
PR 179 44 68 45
NM 19 7 9 2
. VCNR 15 9 17 9
text-embedding-ada-002 VCR A0 14 19 13
PR 182 46 70 44
NM 18 5 5 4
. VCNR 14 10 11 6
databricks-gte-large-en VOR 49 13 90 12
PR 182 48 79 46

Table C.4: 20'"- and 80"-percentile z-score cut-offs (within-document) that define

the certainty bands.

Model Document 220/ 20

EN 1175 Low-Voltage = EMC  Battery
Legal-BERT 141/29 41/ 9 70/12 35/ 9
BGE-m3 107/ 38 28/ 12 55 /16 24 /11
text-embedding-ada-002 99/40 23/ 14 42/19 16/14
databricks-gte-large-en 91/42 24/ 14 35/20 20/13

The cut-offs are computed from the non-zero similarity scores described in 4.4.4.
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LLM Prompt and Inference Code

This appendix presents the complete Python code used to construct the system and
user prompts for LLM-based clause classification. The logic follows the methodology
described in Section 4.5.2.

# Define system prompt
SYSTEM_MESSAGE = (

"You are a legal/regulatory compliance advisor assisting
with product requirements in a company called Penta.\n

"You will receive three information from user: a section
from a standard or regulation, a high-level project
description most relevant to this standard or
regulation section extracted by FAISS, and engineering
keywords matching this standard or regulation section

This engineering keyword list is a list of domain

terms related to this project. If the project
description or matched keywords fields are empty, it
means that there is no project description or keywords
matched."

"You need to use the user-provided information to perform
a core task: determine whether the term regulation is
a requirement applicable to this project in Penta.
You need to perform this task in the following three
steps and output your answer exactly according in the
following format.\n"

"1, Choose one of the three answers: Not a Requirement;
Requirement Not Applicable; Requirement Applicable. To
answer this, you should firstly decide if this
standard or regulation section is a requirement or not

One hint is that if it uses prescriptive language ('

shall,' 'must,' 'requires,' 'obligates') or imposes a
constraint or condition, it is a requirement.
Otherwisethis section is not a requirement, then
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Prompt and Inference Code

||2

-

||3,

choose 'Not a Requirement' for these cases. If you
think this section is a requirement, you need to
determine whether this requirement applicable to this
project. You should perform this reasoning according
to the user-provided information which indicates
relevance between the standard section and product
description, matched engineering keywords.
Additionally, during this reasoning process, you
should also refer those information: Firstly, Penta is
a supplier of power solutions for marine and
industrial applications. Therefore, if the subject of
the regulation or standard section is other components
, such as steer and brake parts, they are not within
the scope of application of Penta. Secondly, If the
content of the clause expresses the requirements that
the OEM needs to implement (For example, truck
manufacture is OEM), this clause also does not apply
to Penta. For these not applicable cases, choose '
Requirement Not Applicable'. Use all the above
information to make your assessment. If you think this
standard or regulation section is relevant to the
project, please choose 'Requirement Applicable'.\n"

Output the reasoning process that led you to the
conclusion in the first step. In other words, please
output why you judge it to be a requirement and why
you judge whether it is applicable to this project.\n"

If it is 'Not a Requirement' or 'Requirement Not
Applicable' in first step, please briefly summarize
the content of this clause. If this clause is '
Requirement Applicable' in first step, please first
list what the subject is that needs to implement this
clause. For example, the clause: Connectors for energy

sources shall conform to Annex A. The subject of this

clause is Connectors. And then, please output the
specific requirements. If the clause involves certain
parameter ranges, such as the noise range should be
between 75dB and 120dB, please list them separately.
List all references such as other terms, other
standards, tables etc.as well as the object that needs
to meet these references which have been mentioned in
this clause. Only list those detailed information
when this clause is Requirement Applicable in first
step, otherwise just briefly summarize the content of
this clausel\n"

"Here is additional product application data for

reference:\n"
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f"{application_data_string}t\n\n"
"Keep this context in mind when evaluating each match.\n"

def build user_ text (row):
return f£"""

Standard or regulation section:

{row['section_title']}

{row['standard_text ']}

Project description chunk(s):
{row['product_section_text ']}

Matched engineering keywords:
{row["Matched_Domain_Words_complete"]}

def process_row(row):
Skip calling the LLM if is_binding = False.
Otherwise, build a prompt and call the LLM.

if not row.get("is_binding", True):
return (
"1. Not a Requirement\n"
"2. The standard is not binding for this product
or project.\n"
"3. No further compliance requirements because it
's not binding."
)
else:
user_text = build_user_text (row)
return generate_response_meta(
SYSTEM_MESSAGE,
user_text,
client_meta

)

Listing D.1: Prompt construction and LLM inference code
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Additional Confusion Matrices

This appendix contains the remaining confusion matrices from the five validation
runs performed during model evaluation. As discussed in the main body of the
thesis, only one representative matrix was included for clarity, while the rest are
shown here for completeness and transparency.

Confusion Matrix - Run 2

Not Applicable

True Label

Applicable

Not Applicable Applicable

Predicted Label

Figure E.1: Confusion matrix for Validation Set (Test 2).

Confusion Matrix - Run 3

Not Applicable
&

True Label

Applicable

Not Ap;‘alicab\e Applicable

Predicted Label

Figure E.2: Confusion matrix for Validation Set (Test 3).
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E. Additional Confusion Matrices

Confusion Matrix - Run 4

True Label
Not Applicable

Applicable

Not Applicable Applicable
Predicted Label

Figure E.3: Confusion matrix for Validation Set (Test 4).

Confusion Matrix - Run 5

True Label
Not Applicable

Applicable

Not Applicable Applicable
Predicted Label

Figure E.4: Confusion matrix for Validation Set (Test 5).
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User Interface Screenshots

This appendix provides a full walkthrough of the seven-page Streamlit-based proto-
type, showing the user interface at each major step of the compliance pipeline. Each
figure represents either a stage in the pipeline or a specific interaction used during
evaluation. The screenshots are taken when using gpt 3.5 turbo and LegalBert.

o= %€ Volvo Penta Compliance
Product Summary Assistant

Upload Chosen Standards
This internal tool supports early-stage compliance evaluation for new product platforms.
Analyze Standards

It combines semantic analysis with Al-based clause classification to help identify relevant regulatory

LLM Classification requirements across multiple standards and directives.

Visualization Main functionalities include:

sl Ry e Upload and manage product descriptions (TD)

e Match against existing regulatory standards (EN 1175, EU directives, etc.)
Classify clauses as Applicable / Not Applicable / Not a Requirement
Visualize clause-level predictions and certainty labels
Review and edit LLM-generated conclusions

Export to SystemWeaver for formal system documentation

To get started, use the navigation sidebar to upload a TD or explore an existing project.

Figure F.1: Welcome page of the prototype. Users are introduced to the system
and guided to begin.
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F. User Interface Screenshots

Marine Commercial
Marine Leisure

Industrial Versatile Stationary

Industrial Versatile Mobile

Industrial Gen Set

Rating 1 - Heavy Duty Commercial
Rating 2 - Medium Duty Commercial
Rating 3 - Light Duty Commercial
Rating 4 - Special Light Duty Commercial

Rating 5 - Leisure

Safety Standards

nda
The electrical driveline and components must comply to all applicable Volvo Group Standards and Design Guidelines for el
Low Voltage Directive 2006/95/EG
EMC Directive 2014/30/EC
Directive 2006/66/EC Restriction of certain hazardous substances in batteries and accumulators.
EU 2018/858 (on road)
ECE R10 for electronic components.
ECE R100 for battery packs
US GHG (on road) if applicable.
CARB ZEP Certification

Machine Directive 2006/42/EC (preferably through the harmonized standards,IS013849 Safety of Machinery and SS-EN 11

Project Profile Motivation

Figure F.2: Page 1 — Product parsing step (top of page).
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Marine Commercial
Marine Leisure

Industrial Versatile Stationary

Industrial Versatile Mobile

Industrial Gen Set

Rating 1 - Heavy Duty Commercial
Rating 2 - Medium Duty Commercial
Rating 3 - Light Duty Commercial
Rating 4 - Special Light Duty Commercial

Rating 5 - Leisure

Safety Standards

nda
The electrical driveline and components must comply to all applicable Volvo Group Standards and Design Guidelines for el
Low Voltage Directive 2006/95/EG
EMC Directive 2014/30/EC
Directive 2006/66/EC Restriction of certain hazardous substances in batteries and accumulators.
EU 2018/858 (on road)
ECE R10 for electronic components.
ECE R100 for battery packs
US GHG (on road) if applicable.
CARB ZEP Certification

Machine Directive 2006/42/EC (preferably through the harmonized standards,IS013849 Safety of Machinery and SS-EN 11

Project Profile Motivation

The target for this project is to further extend the modular and flexible Electromobility platform started in P2700 and to create a extended offering of customize]
Penta should be ready to take on customers in all industrial segments through application projects. It is essential to meet the expected quality and uptime in ol
technology and our abilities going forward towards other customers and more challenging applications. Quality, performance and time to market are of higheg
aggressive time plans for launch of electrical vehicles it is important that also Volvo Penta is able to show a zero emission option and hybrid solutions as a com|

Figure F.3: Page 1 — Domain fields populated (middle of page).
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Proceed to Next Step

Once you are done reviewing the product summary and safety standards, continue to the next page.

1 am done. Go to Next Page

Figure F.4: Page 1 — Proceed to next step button (bottom of page).
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Upload or Use Local Library for Standards (Page 2)

Product Summary Detected Required Standards from Page 1:

app

Upload Chosen Standards

Analyze Sti mply to all applicable Volvo Group Standards and De:

es and accumulato

referably thrc

9/EU WEEE"

ou want to provide documents for:
The electrical dri... x LowVoltage Dire... x EMCDirective 20... x  Directive 2006/6... x  EU 2018/858 ( X ECER10forelect... x

USGHG (onroad... x CARBZEP Certifi... x  Machine Directiv... x OutdoornoiseDi... X  Directive 2012/1... X  Directive 2011/6... X

The electrical driveline and components must comply to all applicable Volvo Group Stand
electrical drivelines.

No existing local file found for this standard. Please upload:

Upload PDF, ITML/CSV for The electrical driveline and components must comply to all applicable Volvo Group Standards and Design Guidelines for electrical drivelines.

@ Drag and drop file here
Limit 200MB per file + PD

Figure F.5: Page 2 — Upload interface for standards.
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Low Voltage Directive 2006/95/EG

ow_voltage.xmLhtml Select how to proceed

Upload New

Using local library version - no upload needed.

EMC Directive 2014/30/EC

Document for EMC Directive /EC found at 'standards_library/EMC_directive.xmlhtml’ Select how to proceed:
® Use Existing File
Upload New

Using local library version - no upload needed.

Directive 2006/66/EC Restriction of certain hazardous substances in batteries and accum

Document for Directive 2006/66/EC Restriction of certain hazardous substances in batteries and accumulators. found at 'standards_library/2006_66.xml.html’. Select how to proceed:
® Use Existing File
Upload New

Using local library version - no upload needed.

EU 2018/858 (on road)

No existing local file found for this standard. Please upload:

Upload PDF/Excel/HTML/CSV for EU 2018/858 (on road)

@) Drag and drop file here
Limit perfile « PDF, X

ECE R10 for electronic components.
No existing local file found for this standard. Please upload:

Upload PDF/Excel/HTML/CSV for ECE R10 for electronic componen

@ Drag and drop file here
Lir perfile P

ECE R100 for battery packs

No existing local file found for this standard. Please upload:

Figure F.6: Page 2 — Standards database mapping interface.
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Upload PDF/Excel/HTML/CSV for ECE R100 for battery packs

@ Drag and drop file here
Limit 2 er file « PDF, XLSX, HTM

US GHG (on road) if applicable.
No existing local file found for this standard. Please upload:
Upload PDF/ HTML/CSV for US GHG (on road) if applicable.

Drag and drop file here
Limit 200MB per file « PDF, XLSX, HTM

CARB ZEP Certification

No existing local file found for this standard. Please upload:

Upload PDF/Excel/HTML/CSV for CARB ZEP Cer

& Drag and drop file here
Limit 21 per file « PDF, XL

Machine Directive 2006/42/EC (preferably thro harmonized standards,|SO13849 S
1175-2018)

Document for Machine Directi C (preferably through the harmonized standards,1S013849 Safety of Machinery and SS-EN 1175-2018) found at 'standards_li
® Use Existing File
Upload New

Using local library version - no upload needed.

Outdoor noise Directive 2000/14/EC
No existing local file found for this standard. Please upload:

Upload PDF/| HTML/CSV for Outdoor noise Directive 2000/14/EC

@ o and drop file here
Limit 200M er file « PDF

Directive 2012/19/EU WEEE

Figure F.7: Page 2 — Standard metadata fields auto-filled.
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No existing local file found for this standard. Please upload:

Upload PDF/Excel/HTML/CSV for Directive 2012/19/EU WEEE

Directive 2011/65/EU Restriction of certain hazardous substances in electrical component
over components mandatory.

No existing local file found for this standard. Please upload:

Upload PDF/Excel/HTML/CSV for Directive 201 U Restriction of certain hazardous substances in electrical components (ROHS2), mapping of carry over components mandatory.

Drag and drop file here
Limit 200MB per file

1SO 14990-1 & 3 EMM

No existing local file found for this standard. Please upload:

Upload PDF/Excel/HTML/CSV for ISO 14990-1 & 3 EMM

@ Drag and drop file here
Limit 200MB per file « PDF,

Proceed to Analysis

Figure F.8: Page 2 — Proceed to analysis confirmation.
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app
Product Summary
Upload Chosen Stan
Analyze Standards
LLM Classification

Visualization

Analysis Step (Page 3)

Found 173 product sections in df_clean.

Parsing 'Low_voltage.xml.html' for standard 'Low Voltage Directive 2006/95/EG' (extension: .html]

Parsing 'EMC_directive.xmlhtml' for standard 'EMC Directive 2014/30/EC' (extension: .html)...

Parsing '2006_66.xml.html' for standard 'Directive 2006/66/EC Restriction of certain hazardous substances in batteries and accumulators.' (extension: .html)...

Parsing 'EN1175Standard.xlsx' for standard 'Machine Directive 2006/42/EC (preferably through the harmonized standards,|SO13849 Safety of Machinery and S

Parsed 515 sections from user-uploaded standards.

Combined Standard Sections:

Low Voltage Directive 2006/95/EG_htm|_1
Low Voltage Directive 2006/95/EG_htm|_2
Low Voltage Directive 2006/95/EG_htm|_3
Low Voltage Directive 2006/95/EG_htm|_4
Low Voltage Directive 2006/95/EG_htm|_S
Low Voltage Directive 2006/95/EG_htm|_6
Low Voltage Directive 2006/95/EG_htm|_7
Low Voltage Directive 2006/95/EG_htm|_8
Low Voltage Directive 2006/95/EG_htm|_9

Low Voltage Directive 2006/95/EG_html_10

pbl_1
cit_1
cit 2
cit_3
cit_4
cit s
rct_1
rct_2
rct 3

rct 4

THE EUROPEAN PARLIAMENT AND THE COUNCIL OF THE EUROPEAN UNION, Having 1

Having regard to the Treaty on the Functioning of the European Union, and in particu

Having regard to the proposal from the European Commission,

After transmission of the draft legislative act to the national parliaments,

Having regard to the opinion of the European Economic and Social Committee (1),

Acting in accordance with the ordinary legislative procedure (2)

(1) A number of amendments are to be made to Directive 2006/95/EC of the Europear
Regulation (EC) No 765/2008 of the European Parliament and of the Council of 9 Ji

(3) Decision No 768/2008/EC of the European Parliament and of the Council of 9 July

(4) This Directive covers electrical equipment designed for use within certain voltage

Build Embeddings & FAISS Index for Standards

nlpaueb/legal-bert-base-uncased

Build FAISS Index (Standards)

Figure F.9: Page 3 — Embedding configuration and model selection.

Low Voltage Directive 2
Low Voltage Directive 20|
Low Voltage Directive 20
Low Voltage Directive 20|
Low Voltage Directive 2
Low Voltage Directive 2
Low Voltage Directive 20|
Low Voltage Directive 2|
Low Voltage Directive 20|

Low Voltage Directive 20|
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Domain Terms Matching
Loaded 300 default keywords.

Upload a custom keyword file ()

@ Drag and drop file here
Limit 200MB per file » TXT

@, View current domain terms

Match Domain Terms

Product -» Standard Matching with Domain Embedding

Weight factor (Product vs Domain)

1.00

Product->Standard Similarity Threshold

0.00
Top K for Product->Standard

10

Match Product Sections - Standards

Final Aggregation & Similarity Labeling Step
Aggregate & Merge

Performing grouping & merging...

Figure F.10: Page 3 — Domain term matching results.
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Total unique sections from matches: 191.

Total sections after merge: 515.

Low Voltage Directive 2006/95/EG_htmI|_11 (5) This Directive should apply to all forms of supply, including distance selling. Low Voltage Directive
Low Voltage Directive 2006/95/EG_html_12 (6) Economic operators should be responsible for the compliance of electrical equipn Low Voltage Directive
Low Voltage Directive 2006/95/EG_html_13 (7) All economic operators intervening in the supply and distribution chain should tal Low Voltage Directive
Low Voltage Directive 2006/95/EG_html_14 (8) In order to facilitate communication between economic operators, market surveil Low Voltage Directive
Low Voltage Directive 2006/95/EG_html_15 (9) The manufacturer, having detailed knowledge of the design and production proce Low Voltage Directive
Low Voltage Directive 2006/95/EG_html_16 (10) It is necessary to ensure that electrical equipment from third countries entering ! Low Voltage Directive
Low Voltage Directive 2006/95/EG_html_17 (11) When placing electrical equipment on the market, every importer should indicat Low Voltage Directive
Low Voltage Directive 2006/95/EG_htm|_18 (12) The distributor makes electrical equipment available on the market after it hasb Low Voltage Directive
Low Voltage Directive 2006/95/EG_html_19 (13) Any economic operator that either places electrical equipment on the marketun Low Voltage Directive

Low Voltage Directive 2006/95/EG_html_20 (14) Distributors and importers, being close to the market place, should be involved i Low Voltage Directive

Grouped DF:

Directive 2006/66/EC Restriction of certain hazardous substances in batteries and acc rct_ (6) In order to prevent waste batteries and accumulators from being
Directive 2006/66/EC Restriction of certain hazardous substances in batteries and acc (7) Reliable batteries and accumulators are fundamental for the safef
Directive 2006/66/EC Restriction of certain hazardous substances in batteries and acc rct_ (9) Examples of industrial batteries and accumulators include batteri
Directive 2006/66/EC Restriction of certain hazardous substances in batteries and acc rct_10 (10) Examples of portable batteries and accumulators, which are all-
Directive 2006/66/EC Restriction of certain hazardous substances in batteries and acc rct_11 (11) The Commission should evaluate the need for adaptation of thig
Directive 2006/66/EC Restriction of certain hazardous substances in batteries and acc rct_12 (12) The Commission should also monitor, and Member States shoul|
Directive 2006/66/EC Restriction of certain hazardous substances in batteries and acc rct_13 (13) In order to protect the environment, waste batteries and accum:
Directive 2006/66/EC Restriction of certain hazardous substances in batteries and acc rct_14 (14) It is desirable for Member States to achieve a high collection and
Directive 2006/66/EC Restriction of certain hazardous substances in batteries and acc rct_15 (15) Specific recycling requirements should be established for cadmil

Directive 2006/66/EC Restriction of certain hazardous substances in batteries and acc rct_16 (16) Allinterested parties should be able to participate in collection,

Download Aggregated CSV

Figure F.11: Page 3 — Matching thresholds and export options.
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LLM Classification (Page 4) - New LLM HTTP Endpoint

Optional: Upload pre-computed LLM Answers CSV

Upload Chosen Standards

@ Drag and drop file here

Analyze Standards imit 200MB per file

LLM Classification
Preview of merged_df:

Visualization

HITL Revie s
Low Voltage Directive 2006/95/EG_htm_1
Low Voltage Directive 2006/95/EG_html_2
Low Voltage Directive 2006/95/EG_html_3
Low Voltage Directive 2006/95/EG_html_4
Low Voltage Directive 2006/95/EG_htm|_S
Low Voltage Directive 2006/95/EG_html_6
Low Voltage Directive 2006/95/EG_htm_7
Low Voltage Directive 2006/95/EG_htm|_8
Low Voltage Directive 2006/95/EG_html_9

Low Voltage Directive 2006/95/EG_htm|_10

max_tokens
800
temperature
0.00
Run LLM on Merged DF (if no CSV was uploaded)

Generating LLM answers...

LLM analysis complete for 515 rows.

e
THE EUROPEAN PARLIAMENT AND THE COUNCIL OF THE EUROPEAN UNION, Having 1
Having regard to the Treaty on the Functioning of the European Union, and in particu
Having regard to the proposal from the European Commission,

After transmission of the draft legislative act to the national parliaments,

Having regard to the opinion of the European Economic and Social Committee (1),
Acting in accordance with the ordinary legislative procedure (2

(1) Anumber of amendments are to be made to Directive 2006/95/EC of the Europear
(2) Regulation (EC) No 765/2008 of the European Parliament and of the Council of 9 Ji
(3) Decision No 768/2008/EC of the European Parliament and of the Council of 9 July

(4) This Directive covers electrical equipment designed for use within certain voltage

Figure F.12: Page 4 — LLM classification interface with clause preview.
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e | standard text y dard

Low Voltage Directive 2006/95/EG_html 41 rct_35 (35) Member States should lay down rules on penalties applicable to infringements o Low Voltage Directive
Low Voltage Directive 2006/95/EG_html 42 rct_36 (36) Itis necessary to provide for reasonable transitional arrangements that allow the Low Voltage Directive
Low Voltage Directive 2006/95/EG_html 43  rct_37 (37) Since the objective of this Directive, namely to ensure that electrical equipment « Low Voltage Directive
Low Voltage Directive 2006/95/EG_html 44 rct_38 (38) The obligation to transpose this Directive into national law should be confined tc Low Voltage Directive
Low Voltage Directive 2006/95/EG_html 45  rct_39 (39) This Directive should be without prejudice to the obligations of the Member Stati Low Voltage Directive
Low Voltage Directive 2006/95/EG_html 46  Article 1 CHAPTER 1 GENERAL PROVISIONS Article 1 Subject matter and scope The purpose of Low Voltage Directive
Low Voltage Directive 2006/95/EG_html_47  Article 1 Article 1 Subject matter and scope The purpose of this Directive s to ensure that elecLow Voltage Directive
Low Voltage Directive 2006/95/EG_html|_48 Article2 Article 2 Definitions For the purposes of this Directive, the following definitions shall: Low Voltage Directive

Low Voltage Directive 2006/95/EG_html 49  Article 3 Article 3 Making available on the market and safety objectives Electrical equipment n Low Voltage Directive

Low Voltage Directive 2006/95/EG_htm|_50 Article 4 Article 4 Free movement The Member States shall not impede, for the aspects covere: Low Voltage Directive

Download Final Data with LLM Answers

Figure F.13: Page 4 — Justification view for selected clause
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F. User Interface Screenshots

Step 5: Visualization of Analysis Results

ap
Product Si a .

focuasmman Filter by Standard Source
d Chosen Standards

Select a Standard Source
Standards

All
ification

Visualization Showing 515 rows for source: All

HITL Revi

Filter by Certainty Label
Select Certainty Label

All

Showing 515 rows after filtering by certainty label: All

Low Voltage Directive 2006/95/EG_htm|_1 pbl_1 THE EUROPEAN PARLIAMENT AND THE COUNCIL OF THE EUROPEAN UNION, Having 1 Low Voltage Directive 2
Low Voltage Directive 2006/95/EG_htm|_2  cit_1 Having regard to the Treaty on the Functioning of the European Union, and in particu Low Voltage Directive 2
Low Voltage Directive 2006/95/EG_htm|_3  cit_2 Having regard to the proposal from the European Commission, Low Voltage Directive 2
Low Voltage Directive 2006/95/EG_htm|_4 ~cit_3 After transmission of the draft legislative act to the national parliaments, Low Voltage Directive 24
Low Voltage Directive 2006/95/EG_htm|_5 cit_4 Having regard to the opinion of the European Economic and Social Committee (1), Low Voltage Directive 2|
Low Voltage Directive 2006/95/EG_html_6  cit_5 Actingin accordance with the ordinary legislative procedure (2) , Low Voltage Directive 2|
Low Voltage Directive 2006/95/EG_htm|_7 rct_1 (1) Anumber of amendments are to be made to Directive 2006/95/EC of the Europear Low Voltage Directive 2|
Low Voltage Directive 2006/95/EG_htm|_8  rct 2 (2) Regulation (EC) No 765/2008 of the European Parliament and of the Council of 9 Ji Low Voltage Directive 2
Low Voltage Directive 2006/95/EG_html_9 rct_3 (3) Decision No 768/2008/EC of the European Parliament and of the Council of 9 July  Low Voltage Directive 21

Low Voltage Directive 2006/95/EG_htm|_10 rct 4 (4) This Directive covers electrical equipment designed for use within certain voltage Low Voltage Directive 2

Counts of Requirement Decisions

Figure F.14: Page 5 — Visual summary of label distribution.
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requirement_decision
Requirement Applicable
Nota Requirement
Requirement Not Applicable
Unknown

Bar Chart: Requirement Decision Distribution

Requirement Decision Distribution

Requirement Applicable Not a Requirement

requirement_decisio

Pie Chart: Certainty Label Distribution

Certainty Label Distribution

/

Figure F.15: Page 5 — Distribution bar chart (expanded view).
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Stacked Bar Chart: Source vs Requirement Decision

Requirement Decision by Standard Source

source_standard

Download Filtered Data CSV

Figure F.16: Page 5 — Clause-level breakdown table.
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Step 6: Human in the Loop (HITL) Review

app

AT Review & Edit Entire Classified Results

sen Standards

Review the entire table below. You may adjust the 'certainty_label' or 'answer" fields as needed.

HITL Review

Submit Entire Reviewed Results

Submit Reviewed Data (All Standards)

Review and Edit a Specific Standard

Select a Standard Source to Edit

Figure F.17: Page 6 — Human-in-the-loop review interface (HITL).
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Directive 2006/66/EC Restriction of certain hazardous substances in batteries and accumulators.

Editing 68 rows for standard: Directive 2006/66/EC Restriction of certain hazardous substances in batteries and accumulators.

Edit the results for the selected standard below.

Submit Reviewed Data for Directive 2006/66/EC Restriction of certain hazardous substances in batteries and accumulators.

Additional Feedback

You can add comments or suggestions regarding misclassifications here. This feedback can later be used to improve the model.

Enter your feedback:

Submit Feedback

Figure F.18: Page 6 — Manual editing of clause justifications.
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Submit All Reviewed Data to SystemWeaver

Enter the handle of the project:

Submit Reviewed Data to SystemWeaver

Figure F.19: Page 6 — Export results to SystemWeaver.
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Interview Protocol

This appendix presents the structured interview guide used in the qualitative eval-
uation of the prototype. It includes core questions, optional probes, and follow-ups
aimed at understanding user experience, perceived accuracy, integration value, and
workflow impact.

Interview Questions and Probes

# ‘ Core Question ‘ Optional Probes / Follow-ups
Warm-up
1 When you review a new product for | What information do you consult first?

regulatory compliance today, what | Who else is involved?
does a typical session look like?

2 Before seeing our prototype, how | What makes it painful or easy?
would you rate the pain or time-
consumption of that process on a
1-10 scale?

Perception of the Model Output

3 Looking at the automatically gener- | Which label appears most reliable? Any
ated clause labels—‘Not a Require- | obvious misclassifications?

ment’, ‘Not Applicable’, ‘Applica-
ble’, how accurate do they feel over-
all?

4 For clauses marked ‘Applicable’, | Missing details? Too verbose / too brief?
how useful are the extracted obliga-
tions and parameter ranges?

5 Does the certainty colour-coding | Would you trust low-confidence items?
(Very Certain Relevant, Possibly | Any alternative signal you’d prefer?
Relevant, Very Certain Not Rele-
vant, No Match) succeed in directing
your attention?
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G. Interview Protocol

6 Do you think the reasoning pro- | Does the explanation feel step-by-step and
cess behind the answer is reason- | trustworthy? Why or why not?
able (e.g., highlighted sentences,
certainty scores, parameter extrac-
tion)?
Impact on Workflow
7 If this tool were available tomorrow, | Early triage or final checklist? Team or
would you use it? Where in your | individual use? Time savings estimate?
workflow would it fit?
8 Which manual tasks would disap- | Searching for cross-references?  Copy-
pear or shrink? pasting into reports?
Wrap-up
9 One feature you would add or | Interface change? Explanations? Export
change to make the tool adoption- | format?
worthy—what is it?
10 Would you feel comfortable pressing | Why or why not?
a single “Generate report” button
and not reviewing the results?

Participant Eligibility Criteria

Table G.2: Minimum participant requirements for interview inclusion.

Criterion

Minimum Requirement

Rationale

Role Distribution

2 x Compliance/Regula-
tory Engineers, 2 x System
Engineers, 2 x Project or
Product Managers

across technical,
and strategic functions.

Ensures diverse perspectives
regulatory,

Project Experience

more than 3 years in disci-
pline or atleast 1 full prod-
uct life-cycle

Participants must have experi-
enced at least one compliance
gate from start to finish.

Language Proficiency

Fluent in spoken English

Interviews and prototype in-
terface were conducted in En-
glish.
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Full LLM Justification Example

This appendix contains the complete LLM-generated output for the clause shown in
Table 5.5. The response includes structured reasoning and extracted requirements

based on both the clause text and matched product content.

Assessment

Requirement Applicable

Reasoning

This section is a requirement because it uses prescriptive language with
“shall” statements that impose specific constraints on electrical systems.
The section states that “Safety shall not be compromised at any voltage
level” and “Electrical systems of trucks powered by lead-acid batteries
shall be designed” to operate within specific voltage ranges.

This requirement is applicable to Penta’s project for several reasons:

1.

The project description explicitly mentions compliance with “SS-
EN 1175-2018” which is the standard this clause comes from (EN
1175:2020 is likely an updated version).

. The project involves electrical drivelines and components, including

battery systems, which directly relates to the voltage requirements
specified in this clause.

7«

The matched engineering keywords include “voltage,” “over volt-
age,” “under voltage,” and “Power” which align perfectly with this

requirement about voltage ranges.

Penta’s product application data shows they work with “Full elec-
tric” and “Electric hybrid” systems, as well as “Energy storage”
which would be subject to these voltage requirements.

. The project description mentions various applications including in-

dustrial mobile equipment, which would be covered by this standard
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H. Full LLM Justification Example

for industrial trucks.
Detailed Requirements
e Subject: Electrical systems of trucks powered by batteries
e Specific Requirements:

1. Safety shall not be compromised at any voltage level that can
occur.

2. For lead-acid batteries: Electrical systems shall be designed
to operate in the voltage range from 70% up to 120% of the
nominal battery voltage.

3. For other energy source technologies: These voltage limits shall
be adapted by the manufacturer.

e References: The note mentions that limits set by the manufac-
turer for other energy sources are outside the scope of this docu-
ment.
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