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Abstract
Compliance is a costly and time-consuming task that most, if not all, firms must
perform. As such, automating parts of the compliance process could be highly valu-
able. This thesis aims to investigate challenges faced by European software-intensive
firms in their compliance processes, identify automation opportunities, and develop
a Natural Language Processing- and Large Language Model-based software arti-
fact to automate compliance tracing between company guidelines and normative
requirements. The thesis followed the Design Science Research approach, and as
such, the research was conducted in close collaboration with industry practitioners.
The challenges and automation opportunities were identified together with seven
interviewees from four different companies, and the final software artifact, dubbed
TraceAlign, was developed and evaluated in focus groups with a total of twelve
unique participants from two companies. The identified challenges ranged from
organizational- and management-related to specifics inherent to the specifications
of normative requirements. Automation opportunities related mainly to the manage-
ment of requirements, company guidelines, and compliance evidence, of which this
thesis focuses specifically on the task of compliance tracing of company guidelines
to normative requirements. The final software artifact, TraceAlign, was considered
to be time- and cost-saving by the focus group participants, but could perhaps be
made more accurate. We conclude that there are many challenges with compliance
that could potentially be automated using Natural Language Processing and Large
Language Models.

Keywords: Compliance, Design Science Research, Large language model, Natural
language processing, Artificial Intelligence, Knowledge graph, Requirements tracing
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1
Introduction

Compliance with regulations and standards is important for companies developing
software-intensive systems. As the regulatory landscape evolves, ensuring compli-
ance becomes increasingly labor-intensive and resource-demanding. This chapter
introduces the context, motivation, and scope of the thesis, presenting the central
problem of compliance tracing and the potential for automation using recent ad-
vances in Natural Language Processing (NLP) and Large Language Models (LLMs).
It outlines the thesis’s purpose, significance, contributions, and research questions.

1.1 Problem Statement

Compliance is “the act of obeying a law or rule, especially one that controls a par-
ticular industry or type of work” [2] or more specifically “a firm’s effort to ensure
that it and its agents adhere to legal and regulatory requirements, industry practice,
and the firm’s internal policies and norms” [3]. Compliance is a practice that every
company either actively or passively works with, including companies that develop
software-intensive systems. The research presented in this thesis was conducted in
close collaboration with companies in Software Center. As such, the focus has been
placed on such software-intensive companies. Further, software-intensive companies
usually have to comply with several different regulations (e.g., ISO 26262 [4], IEC
62443-4-1 [5], ISO 21434 [6], Cyber Resilience Act [7], General Data Protection
Regulation (GDPR) [8], etc.) and are therefore of particular importance to this
study. Moreover, considering the authors’ background in computer science, these
companies were deemed the most suitable fit for this research.

Broadly, compliance can be divided into two categories: mandatory compliance,
such as regulatory compliance, and voluntary compliance, such as compliance with
a standard.

Regulatory compliance (or legal compliance) is a compulsory activity for all firms
since non-compliance is, by definition, against the law [9]. Non-compliance with
regulations can thus result in various legal actions being taken against the firm,
including fines upwards of billions of euros [10]. New regulations are adopted over
time, and old ones are amended, leading to a constantly changing and evolving field
of regulations that firms must comply with. While some regulations are industry-
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1. Introduction

specific, many affect firms more broadly. For example, the Data Act [11] dictates
rules for how data may be accessed and used within the European Union (EU), and
the Artificial Intelligence (AI) Act [12] regulates the use of AI within the EU. Reg-
ulations such as these are of particular importance to software-intensive companies.

The main emphasis of this thesis is not on regulatory compliance but rather on
standards compliance, a type of voluntary compliance. Complying with standards
can be a source of competitive advantage as it demonstrates to both suppliers and
buyers that an organization has high-quality products and processes [13]. Standards
compliance can moreover be necessary for suppliers as many larger organizations re-
quire their suppliers to be certified according to certain standards [13]. Further,
standards are occasionally created to comply with a regulation, and can thus help
a firm stay compliant with this regulation [13]. One example of this is the stan-
dard ISO 21434, which enables firms to stay compliant with the UN Regulation
No. 155 - Cybersecurity and cybersecurity management system (R155) [14], which
will be elaborated more upon in Section 3.2.3. In general, standards are found in
almost every industry, however, this thesis focuses specifically on standards affect-
ing software-intensive companies in telecommunications, automotive, cybersecurity,
and water solutions. In keeping with the terminology introduced by Castellanos
Ardila et al. [15], the term “normative requirements” will hereby be used to refer
to any document which an organization may need to comply with, e.g., standards,
regulations, or policies.

Ensuring compliance is the firm’s responsibility and is costly due to its labor-
intensive nature [16]. Moreover, as more time and resources are spent on compliance,
less time and resources are available for other customer value-creating activities.
Thus, automation of compliance would be of great importance to many firms.

Complete automation of the problem is complex since any misinterpretations and
non-compliance could result in large fines. While partial automation has been at-
tempted in the past (see e.g., Castellanos Ardila et al. [15]), recent developments
in NLP, namely LLMs, can potentially automate some of the more labor-intensive
parts. LLMs could allow for near-human-level interpretation of normative require-
ments, which enables more fine-grained interpretations than before. Therefore,
LLMs present new possibilities for partial automation of the compliance process.

Different firms work in various ways concerning compliance, which means that a
naive one-size-fits-all approach is not feasible without first gathering and identifying
common general challenges faced by companies. To the best of the authors’ knowl-
edge, few previous scholarly publications capture this information. Thus, there is a
need to fill that gap and develop a software artifact that can partially automate the
process for several firms.

Compliance processes in firms are multifaceted and involve various steps, roles, and
methods in different stages. Completely automating the entire process and every
different part and step is thus infeasible. Many standards specifically state that
parts of the compliance process must be manually verified by a human, making it
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de facto impossible to automate the entire process.

This thesis was carried out in close collaboration with industry partners. Building
on a literature review of state-of-the-art NLP and LLM approaches to compliance
automation, it specifically addresses the problem of tracing company guidelines to
normative requirements. The solution presented is generally applicable, however, it
is evaluated on three standards in the field of safety-critical systems, namely ISO
26262, ISO 21434, and IEC 62443-4-1.

Tracing (also referred to as tracking or mapping) is generally an essential part of
staying compliant. It refers to the act of tracing specifically which normative re-
quirement(s) a piece of compliance evidence is related to. For example, a sub-clause
in a standard might state that there must exist explicit requirements specifying the
type of encryption used in the end product. Then, when a manager or auditor wants
to assess if the product is compliant with this sub-clause, they want to be able to
trace that normative requirement all the way to a concrete requirement on the prod-
uct. This tracing goes both ways and can, in a general scenario, be a many-to-many
mapping. There are, in general, several middle steps between the actual compliance
evidence and the normative requirements, for example, company policies, company
guidelines, functional requirements, etc. Tracing should then be possible through
all of these middle steps.

1.2 Purpose of the Study
The purpose of this thesis is to identify challenges with compliance for software-
intensive companies and investigate an NLP- and LLM-driven approach to trace
compliance of company guidelines toward normative requirements. The thesis pro-
duced both knowledge and software artifacts. The knowledge artifact consists of
new insights into the challenges software-intensive companies face with compliance,
as well as the effectiveness of using LLMs to automate compliance tracing. The
software artifact is a tool for automating compliance tracing from normative require-
ments to company guidelines, which was evaluated on three safety-critical standards.
Throughout this thesis, “compliance tracing” will refer to “compliance tracing from
normative requirements to company guidelines”.

1.3 Significance of the Study
This thesis is particularly significant for the software-intensive systems domain,
where companies operate under strict and complex regulatory environments, e.g.,
ISO 26262, IEC 62443-4-1, and ISO 21434. In these contexts, normative require-
ments are typically formulated in broad and general terms to accommodate a wide
range of stakeholders and use cases [17]. As a result, the task of interpreting and
implementing these requirements is left to individual companies. This opens the
door to different interpretations, which can cause misalignment between develop-
ment teams and regulatory bodies [17]. Such inconsistencies may lead to delays,

3
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costly rework, or legal repercussions.

As is illustrated by the interviews conducted during this thesis, automating parts
of the compliance process would be time- and cost-saving for many firms, particu-
larly for firms developing software-intensive systems. There is a growing literature
focusing on this subject, leveraging the latest developments in the field of NLP, in
particular LLMs (see Section 4.2).

This study contributes both to the general literature on challenges within compli-
ance for software-intensive firms and to the literature on leveraging NLP and LLMs
for automating compliance. The former contribution consists of investigating the
current state of compliance in European software-intensive firms and a potential
solution for automating some part of it. The latter contribution consists of design-
ing, implementing, and evaluating an NLP- and LLM-based approach to compliance
tracing.

1.4 Research Questions

The thesis has three research questions (RQs):

RQ1 : What are the challenges that software-intensive companies experience in com-
plying with normative requirements?

This RQ aims to investigate the current landscape of compliance for software-
intensive companies. The goal was to collect data on what challenges exist.

RQ2 : What are the opportunities to address these challenges by automating parts
of the compliance process using LLMs?

The subject of compliance is large and complex. Given the time and resources of
a master’s thesis, not all of the challenges regarding the automation of compliance
can be solved. With this RQ the aim is to find specific parts of challenges that are
feasible to automate.

RQ3 : To what extent can an AI-system, relying on LLM-technology, sufficiently
automate part of the compliance process in a firm?

Using the results of RQ2, the aim is to produce a software artifact that can automate
some part of the compliance process at a firm. By “sufficiently automate” the
authors refer to the fact that the software artifact should be value-creating for at
least some firms, meaning that by implementing the software artifact, the firm can
achieve cost-reductions, time-reductions, or accuracy-improvements compared to
their current compliance process. The performance of the produced software artifact
was evaluated together with domain experts at the partnering firms.
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1.5 Contributions

This thesis makes three key contributions:

This thesis contributes to addressing the lack of research on the general compliance
challenges faced by practitioners in European software-intensive firms. To bridge
this gap, the study systematically gathered and analyzed interview data using the-
matic analysis. The thematic analysis resulted in five themes encompassing various
challenges firms face in complying with normative requirements:

• “Challenges in the Organization” captures challenges related to coordination
and communication between departments in small and large firms. It also
captures the drawbacks of having a central compliance group, as experienced
by some larger firms, and the drawbacks of lacking a central compliance group,
as experienced by some smaller firms.

• “Challenges when Managing Global Markets” captures challenges that are
present due to a firm’s global reach. In particular, global firms must find
which normative requirements are present on each market, determine which
normative requirements are the most restrictive, and manage the trade-offs
between the cost of complying with a normative requirement and the value of
that market.

• “Challenges Inherent to the Specifications of the Normative Requirements”
captures challenges that arise from how regulations and standards are writ-
ten. Outdated, abstract, uncertain, and overlapping normative requirements
require costly and time-consuming work from firms.

• “Challenges with Maturity of the Compliance Process” captures what chal-
lenges are faced by companies that are used to working with compliance (ma-
ture firms) versus what problems are faced by firms not used to compliance
(less mature firms). Mature firms struggle with adapting to new and disruptive
normative requirements, whereas less mature firms also struggle with having to
create and integrate compliance processes, retrofitting processes and products,
and the high resource cost of complying with a new normative requirement.

• “Challenges Related to Requirements” captures challenges related to tracing
requirements, building and tracing guidelines for the requirements, and veri-
fying that normative requirements have been correctly broken down.

Second, the thesis identifies several automation opportunities for compliance based
on the interviews and a literature review. In total, interviewees identified eleven
automation opportunities, most of which are related to tracing and verifying re-
quirements as well as compliance evidence. The literature review revealed eight
different fields of research that attempted to automate compliance using NLP and
LLM methods. The thesis focused on automating three of the interviewee-identified
opportunities based on several works from the literature review.
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1. Introduction

The third and final contribution is an automatic, NLP- and LLM-driven approach
for automatic tracing in the compliance process, referred to as TraceAlign. The pro-
posed software artifact works by using embeddings and Natural Language Inference
(NLI) to automatically trace company guidelines to a set of normative requirements
and then leverages LLMs to verify whether the trace is correct. TraceAlign builds
upon the earlier works of Kruiper et al. [18] and Elluri et al. [19] by structuring
the normative requirements in a knowledge graph and uses embeddings and NLI-
models similarly to that of Hua et al. [20] to make traces. Moreover, TraceAlign
leverages instruction-tuned Generative Pretrained Transformers (GPTs) to verify
the correctness of traces, which appears to be a novel contribution to the field. Pre-
vious attempts leveraged fine-tuned Bi-directional Encoder Representations from
Transformers (BERT)-models which required both training data and an exhaustive
evaluation of all possible mappings [21], as opposed to TraceAlign which requires no
training data and the number of possible mappings are reduced by the embedding
and NLI-model.

The software artifact was created and validated in close collaboration with indus-
try experts, focusing specifically on standards (ISO 26262, ISO 21434, and IEC
62443-4-1) compliance for safety-critical systems. Through focus groups, the au-
thors demonstrate that the proposed software artifact can partially automate the
tracing steps in compliance and thus make these steps faster and cheaper, albeit
possibly less accurate.

1.6 Summary

This thesis explores how LLMs can be used to support the compliance process
in software-intensive companies, focusing on the automation of compliance tracing
between company guidelines and normative requirements. The study is motivated
by the complexity and cost of manual compliance processes. It aims to identify
common challenges across companies and develop a practical, partially automated
solution, combining results from industry interviews with technical experimentation
and evaluation.

The upcoming chapters are organized as follows:

• Chapter 2 introduces background on software-intensive systems and compa-
nies, compliance, NLP, LLMs, and knowledge graphs.

• Chapter 3 outlines the research methodology, including the Design Science
Research (DSR) approach.

• Chapter 4 presents the answers to RQ1 and RQ2 based on interview answers
and a literature review.

• Chapter 5 details the design and implementation of the proposed software
artifact, TraceAlign.
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1. Introduction

• Chapter 6 presents the evaluation of TraceAlign and answers RQ3.

• Chapter 7 discusses implications, limitations, and future work.

• Chapter 8 concludes the thesis by summarizing key contributions.
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2
Background

This section briefly introduces some of the background to the thesis, namely what a
software-intensive company is, what compliance is, why it matters, and why compa-
nies might want to automate it. Some background on Machine Learning (ML) and
NLP, as well as knowledge graphs, will also be presented.

2.1 Software-Intensive Systems and Companies

A software-intensive system is defined by van de Laar et. al [22] as “systems with
significant mechanical, optical, electrical, and other components, but where software
accounts for a large part of the value and the development effort”. Accordingly, this
definition is used in the thesis. It encompasses both embedded software and software
executed on machines outside of the core system, but provides services and value to
the core system [22].

The authors define a software-intensive company as a company that develops and
invests in systems and products that are software-intensive. Our definition is closely
related to that of Findik and Tansel [23]. Findik and Tansel define a software-
intensive firm as “Firms that invest heavily in software products or services”.

Companies working with embedded systems in telecom, automotive, defense, secu-
rity, and manufacturing have started to complement their previous business models
of producing and selling hardware products with software-driven services [24]. This
shift reflects the growing strategic importance of software as an enabler of innovation
and competitive advantage, even in previously hardware-focused sectors. Research
shows that firms with a higher degree of software intensity tend to be more inno-
vative and are more favorably perceived by the market, highlighting the trend of
software becoming central to value creation in the manufacturing sector [25].

As companies working with embedded systems are becoming more software-intensive,
it enables the continuous development of new features to their services and prod-
ucts [24]. An example from the automotive industry is over-the-air software updates,
which can deliver updates to, for instance, the infotainment system and the driver
assistance systems without the need to get the vehicle serviced. This shift also
introduces a need for continuous compliance, as normative requirements must be
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addressed dynamically throughout the product lifecycle rather than only at release.

Companies developing embedded systems face complexities due to the nature of
the software-intensive systems. Embedded systems are often safety-critical, mean-
ing that failures can have serious consequences. Therefore, every software update
requires thorough verification and validation to ensure compliance with normative
requirements, making frequent deployments non-trivial. Furthermore, embedded
systems are often closely coupled with specialized hardware, which constrains what
can be updated remotely and increases the risk of unintended side effects. Addi-
tional challenges include long product lifecycles and the need for real-time perfor-
mance guarantees. These factors combine to make software-intensive companies
interesting to study.

2.2 Compliance
This section provides insights into compliance with regulations and standards.

2.2.1 Regulatory Compliance
Regulations are necessary for the well-functioning of the economy by addressing
various market failures and internalizing otherwise external social costs [26]. These
regulations include, but are not limited to, EU regulations such as GDPR, the Data
Act, and the Cyber Resilience Act. However, complying with these regulations,
especially if they are poorly designed and implemented, can be a major cost for
firms and can “cause serious economic distortions that lower economic growth or
GDP, damage investment and competitiveness and reduce entrepreneurship” [27].

Regulatory compliance presents a high and increasing cost for many firms. As of
2023, reports indicate that one-third of firms in finance expect their compliance team
to grow, and nearly three-quarters of firms expect to spend an increasing amount
of time liaising and communicating with regulators and exchanges [28]. Similar
observations have been made in other industries, i.e., that regulatory compliance
accounts for a significant portion of firms’ wage bills and is increasing over time
[16]. Therefore, it stands to reason that the software industry is also being affected
by this increasing trend, in particular in light of GDPR. 88% of global firms estimate
that GDPR compliance costs alone reach more than $1 million annually, while 40%
of them spend more than $10 million [29]. As of 2014, regulatory compliance costs
accounted for 1.3%-3.3% of the total wage bill of the average U.S. firm, varying
greatly with industry [16].

Some earlier attempts at automating regulatory compliance can be found. There
exists software that streamlines and “automates” some parts of the regulatory com-
pliance process, however, these frameworks generally focus on compiling data and
monitoring processes. Integration of NLP tools such as LLMs is less common but
can be found in academic literature (as reviewed in Section 4.2). Many of these
solutions focus on extracting information from, e.g., data processing activities or
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privacy policies to check for compliance against GDPR [30], [31].

2.2.2 Standards Compliance
Standards are voluntary, industry-developed guidelines, unlike mandatory govern-
ment regulations. The adoption of standards ensures that companies within their
respective field do not have to reinvent the wheel [32]. The purpose of standards is
to ensure that products and services are safe, reliable, and of high quality, thereby
increasing consumer confidence and contributing to a safer world [33], [32]. Firms
choose to adopt and follow standards for many different reasons. One commonly
cited (although disputed reason) is that firms comply with standards to in turn
be compliant with regulatory requirements [13]. Other reasons include seeing it as
an opportunity to gain a competitive advantage, gaining a first mover advantage,
gaining entry into markets with strong competitors, to secure and reduce costs of
international sales, to grow sales, and to improve the overall quality management of
the firm [13].

Moreover, the adoption of standards allows companies to employ the most recent
state-of-the-art solutions within their respective fields [32]. Long-term, this enables
the company to build efficiency and reliability. However, short term, there is a big
upfront cost in changing the current processes and products, as well as receiving
the certification [13]. The benefits of following standards come from improving
internal processes and building long-term competitive advantages [34]. Regulatory
compliance, on the other hand, is primarily driven by the need to prevent external
market failures and avoid penalties.

2.2.3 Product vs. Process Compliance
Both mandatory (regulatory) and voluntary (standards) compliance can be divided
into “process compliance” and “product compliance”. These two types of compli-
ance, although often interwoven, can and should be treated as different types of
compliance. Product compliance focuses on whether or not a product and its prop-
erties adhere to certain rules, e.g., if a computer program has the correct level of
encryption. Process compliance, on the other hand, focuses on the compliance of
the processes during the development of the product, e.g., if the development was
properly documented or sufficient safety analyses were conducted [35]. Figure 2.1
illustrates a typology of different normative requirements. The focus of this thesis
is on process standards.

2.2.4 Safety-Critical Standards
Safety-critical systems are systems whose failure could result in significant harm to
people, the environment, or property [36]. Safety-critical standards are here defined
as a specialized subset of process standards that define structured approaches for
developing safety-critical systems. The safety-critical standards included in this
thesis are ISO 21434 [6], ISO 26262 [4], and IEC 62443-4-1 [5]. These standards are
designed to ensure that rigorous and auditable processes are followed throughout
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Figure 2.1: Typology of normative requirements.

the system lifecycle, from requirements engineering and design to implementation,
verification, and maintenance. Their primary objective is to reduce the risk of
malfunctioning behavior and to demonstrate that safety has been systematically
addressed and validated. Safety-critical standards typically span both organizational
capabilities and technical practices.

ISO 26262 [4] is a functional safety standard specifically tailored for electrical and
electronic (E/E) systems in series production road vehicles. It provides a framework
for identifying and mitigating hazards caused by malfunctioning behavior of safety-
related E/E systems. The standard defines both technical and process requirements
to guide the safe development, integration, and modification of such systems across
their lifecycle. The standard aims to integrate functional safety into organization-
specific development processes.

ISO 21434 [6] is a cybersecurity standard for E/E systems in series production road
vehicles, covering all lifecycle stages. It defines a framework for managing cyberse-
curity risk, emphasizing both organizational processes and technical considerations.
The standard establishes common terminology and structured processes for identi-
fying, assessing, and mitigating cybersecurity threats throughout the development
and integration of automotive systems and their components.

IEC 62443-4-1 [5] defines requirements for a secure product development lifecycle
for industrial automation and control systems. It specifies process-oriented practices
that product suppliers must follow to ensure that cybersecurity is systematically ad-
dressed throughout product development and maintenance. The goal of the standard
is to embed cybersecurity into the development culture and ensure that products
are built with security in mind from the outset. IEC 62443-4-1 is part of the broader
IEC 62443 series, which provides a comprehensive framework for securing industrial
systems across different roles and lifecycle phases.
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2.2.5 Crosswalks
Crosswalks, as defined by Tupsamudre et al. [37], are mappings across several
layers of compliance documents from regulations, harmonized controls (standards),
all the way down to specific software implementations. Although not specifically
stated in the original paper, company guidelines, policies, and processes that impose
requirements on the final product could be included in the end-to-end mapping, as
illustrated in Figure 2.2.

Figure 2.2: An example of a four-layer crosswalk from regulation to implementa-
tion.

Tupsamudre et al. [37] also present a formal definition. Let X be a compliance
document where X = {x1, x2, ..., xm} and xi ∀ i = 1, .., m are requirements. Then,
let X1 be the first-layer compliance document (the regulation in Figure 2.2) and Xn

be the final-layer, i.e., code (the implementation in Figure 2.2). Then, an end-to-end
crosswalk C exists if there is a mapping X1 → X2 → ... → Xn. These mappings are
important for ensuring that the implemented product is compliant with the highest-
level normative requirements. Further, with the continuous development in software-
intensive companies, there is a need for “live crosswalks” [37], i.e., crosswalks that
are updated as the normative requirements and software implementations change.

2.3 Natural Language Processing
As stated, this article focuses on how NLP, specifically LLMs, can contribute to
automating compliance. As such, a brief background on key concepts in NLP is
warranted.

2.3.1 Word Embeddings
A precursor to understanding word embeddings is understanding tokenization. To-
kenization is the act of turning documents, sentences, or words into tokens, which
essentially means mapping the text into a pre-defined vocabulary of characters/-
words [38]. E.g., words like “New York” may be mapped into a token “new york”,
“I’m” may be mapped into “i” and “am”, and “documentation” may be mapped
into “document-” and “-ation”. In other words, the text is broken down into smaller
pre-defined pieces. These tokens may be defined by hand in a rule-based manner,
but more commonly, they are learned using an ML-based approach.
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Word embeddings are then, in short, mappings from tokens into a vector space [38].
Generally, one distinguishes between sparse embeddings and dense embeddings.

2.3.1.1 Sparse Embeddings

Sparse word embeddings are, as the name implies, embeddings where most values
for each vector are 0 [38]. Sparse vector embeddings can be created in several ways,
where the general approach is to count words and how often they occur in the same
context. For example, the simplest way of creating sparse word embeddings would
be to count for each word how often it occurs next to other words in a corpus of text
documents. Then, one constructs a so-called term-term co-occurrence matrix, where
each word can be represented as a vector with the length of the total vocabulary with
counts for each time they occur next to another word. Naturally this means that
words that occur in similar contexts, i.e. have some semantic similarity, get similar
vector representations. See Figure 2.3 for an example of a term-term co-occurrence
matrix.

Figure 2.3: An example term-term co-occurrence matrix built from three sentences.

A more popular and sophisticated approach is term frequency-inverse document
frequency (tf-idf) weightings [38]. Tf-idf weightings for a term are computed by first
counting the frequency of the term t in a document d (term frequency) and then
multiplying this by the inverse document frequency. The inverse document frequency
is then defined as the total number of documents considered divided by the number
of documents the term occurs. The intuition behind tf-idf is that words that occur
in the same documents have something in common, however, some words occur
in almost all documents (“and”, “the”, etc.), which is why the inverse document
frequency is used to reduce the importance of these words.

Although sparse vector embeddings are by and large outdated, they remain a pop-
ular alternative in the literature. Tf-idf representations are particularly frequent in
certain domains, see Section 4.2.

14



2. Background

2.3.1.2 Dense Embeddings

Dense word embeddings do on the other hand not create sparse vectors, but rather
smaller and denser vectors. The embeddings can generally be computed in two
ways, statically (using e.g. word2vec) or dynamically (using e.g. an LLM) [38].
The key behind creating these embeddings is, however, that they are learned, not
computed. In essence, dense word embeddings can be created by letting the weights
of the first layer in an ML model trained on any type of word prediction task be the
embeddings. Then, running text can be used in a self-supervised way to train this
model, making the process of creating dense word embeddings relatively cheap with
regards to data.

Generally speaking, dense word embeddings work better in every NLP task [38]. As
such, the embeddings used in the software artifact produced in this thesis are always
dense unless otherwise stated.

2.3.1.3 Semantic Similarity

Word embeddings are the standard way of representing words in NLP [38], and
for good reason. Based on the way embeddings are computed, semantically similar
words (i.e., words that occur in similar contexts) have vector representations that
are similar to one another. Thus, if one has a database of documents that have been
embedded, one can look up documents that are similar to one another, which is
a key part of the retriever in Retrieval-Augmented Generation (RAG), see Section
2.3.3. First, a similarity measure (distance function) must be defined.

The standard definition of similarity between word embeddings is cosine similarity
[38]. Cosine similarity is generally preferred as a distance measure in NLP settings
since it does not favor long vectors over short vectors (unlike many other distance
measures).

Cosine similarity between vectors v and w is defined as [38]:

cosine(v, w) = v · w
|v||w|

=
∑N

i=1 viwi√∑N
i=1 v2

i

√∑N
i=1 w2

i

Unless otherwise stated, cosine similarity is always used in this thesis to measure
the semantic similarity between words and documents.

2.3.2 Large Language Models
LLMs is a collective term for any kind of language model that is large, i.e., has many
parameters, as first introduced by Brown et al. [39]. Language models, in turn, are
defined as any model that assigns a probability to a piece of unseen text based
on its training data [40]. One key step in moving from simple language models to
what would nowadays be referred to as LLMs is the introduction of the transformer
architecture in 2017 by Google [41]. The transformer architecture, which will be
dealt with in the proceeding section, is a precursor to the two most influential LLM-
architectures to date, BERT [42] and GPTs [43].
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2.3.2.1 Transformers

As mentioned, a language model is a model that assigns a probability to an unseen
piece of text based on its training data. This means that any type of ML model can
be a language model; however, most often, one thinks of language models as neural
networks, as these are by far the most popular.

Neural networks are most easily introduced using mathematical notation. Let x =
[x1, ..., xn]T be an input vector and y = [y1, ..., ym]T be an output vector. In the
case of language models, both the input vector x and output vector y are generally
vector representations of words (or more accurately, tokens). Then, a one-layer
neural network is simply the following function [44]:

y = h(Wx + b)

where h(·) is a so-called activation function such as logistic (h(z) = 1
1+e−z ) or ReLU

(h(z) = max(0, z)), W ∈ Rn×m is a weight matrix with learned weights and b ∈ Rn

is the so-called bias, i.e. a vector of weights. A general neural network of depth L is
then simply several of these functions stacked with varying dimensions and so-called
hidden units (q) in between each layer [44]:

q(1) = h(W(1)x + b(1))
q(2) = h(W(2)q(1) + b(2))
q(3) = h(W(3)q(2) + b(3))

...
q(L−1) = h(W(L−1)q(L−2) + b(L−1))

y = h(W(L)q(L−1) + b(L))

Predicting only one output word based on one input word is however limiting. Gen-
erally, one wants to predict the next (or several next words) based on a sequence of
input words. For these applications, where the data is sequential, recurrent neural
networks are generally used. In short, these models can process a sequence of in-
put vectors, x(1), ..., x(t) of variable lengths [45]. The exact formulation will not be
explained in detail here, however it is important to note two developments in recur-
rent neural networks, namely the Gated Recurrent Unit (GRU) [46] and Long-Short
Term Memory (LSTM) [47]. In essence, both of these architectures aim at miti-
gating the vanishing gradient problem, i.e., that when sequences become too long,
the gradients during training of the system become too small and the weights are
updated poorly. Both architectures notably solve this by focusing only on certain
parts of the sequences when updating.

The transformer architecture [41] develops this idea further by introducing what is
referred to as attention functions or mechanisms. The original paper uses what is
referred to as scaled dot product attention, which means that each transformer layer

16



2. Background

learns three weight matrices: the query weights WQ, the key weights WK , and the
value weights WV , which are used to compute query, key and value matrices:

Q = XqueryWQ

K = XkeyWK

V = XvalueWV

where, in self-attention mechanisms, Xquery = Xkey = Xvalue. These matrices are
simply the embedded input text, i.e. X ∈ RL×d, where L is the length of the sequence
and d is the number of dimensions in the embeddings. The attention function is
then [41]:

Attention(Q, K, V ) = softmax
(

QKT

√
dk

)
V

where softmax is the activation function softmax(z)i = ezi∑K

j=1 ezj
, and dk is the size of

the key matrix. One can think of this function as allowing the neural network to learn
which parts of the input text it should focus on in different settings, i.e., it learns
how to weigh different tokens based on the context and their position. For brevity,
some key concepts have been left out, namely masking and multihead attention. In
short, it is common to mask the attention such that the network may only focus on
the current token and all previous tokens (this is done in GPT models, but not in
BERT models), which is referred to as causal masking. Multi-head attention simply
means that each transformer model has several of these attention heads.

The transformer architecture, along with embeddings, lays the foundation for mod-
ern LLMs. As mentioned earlier, two types of LLMs are by far the most influential in
the literature: BERT models and GPT models. The artifact produced in this thesis
relies entirely on GPT models, however, BERT models are a popular, lightweight
alternative, which is commonly used in the literature (see Section 4.2). As such, a
brief review of both models is warranted.

2.3.2.2 Bi-directional Encoder Representations from Transformers

The original BERT model [42] was an encoder-only model trained on both the left
and right context of each token (i.e., no causal masking). What this means in
practice is that the BERT model only learns representations of words, and it is
trained on predicting masked words based on context provided on either side as well
as predicting whether two sentences are sequential. To use the model for any other
task, such as question answering, language inference, etc., one must add a final layer
fine-tuned on that task. Several works have also improved on the original model,
all collectively referred to as BERT models. Important examples include RoBERTa
[48] (a larger version) and DistilBERT [49] (a smaller version).

The architectural structure of BERT models has important ramifications for their
performance on certain tasks. First of all, since the model learns words based on
both left and right context (i.e., based on both preceding and proceeding words),
they are generally not used for generating long sequences of text, since this task only
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gives the model the left context (i.e., the preceding words). Moreover, since it only
learns representations of words, a non-finetuned BERT model will be effectively
useless for any general task (unless that task is predicting masked words or next
sentences). In other words, to use a BERT model, it is required to have at least
some small sample data or a model that is already fine-tuned for that task. Both of
these aspects are in stark contrast to the GPT models.

2.3.2.3 Generative Pre-trained Transformers

The GPT models feature a different architecture and were trained differently. The
original GPT-model [43] used a masked Transformer-decoder architecture trained
on a very large corpus of unlabeled text. Practically, this just means that the model
is trained at predicting the next word in a sentence, given only the left context (all
preceding words). Similarly to the BERT models, the original paper [43] suggested
that the model could then be finetuned on specific tasks.

However, a few years later an important advancement was made, colloquially known
as “few-shot learning” [39]. Essentially, it was discovered that when the model be-
comes large enough, it is enough to supply a few examples of what the model is
supposed to do in a prompt, and it will be able to continue this pattern. In other
words, these larger GPTs could solve general problems without fine-tuning. Another
important improvement came in 2022, by Wei et al. [50], when the authors demon-
strated the possibility to fine-tune a GPT specifically on a large labeled dataset of
instruction-following tasks, referred to as “instruction tuning”. These models could
then solve general tasks without any examples whatsoever, besides a prompt, i.e.,
they are “zero-shot learners”.

This thesis relies entirely on instruction-tuned GPTs for all AI-based tasks. Few-
shot prompting techniques may still be utilized, however, since this can improve
performance on certain tasks [51].

2.3.3 Retrieval-Augmented Generation
Traditionally, LLMs follow instructions based on a simple prompt provided by the
user. The LLM then uses its parametric knowledge to follow these instructions, i.e.,
it follows the instruction based on previous training examples it was exposed to dur-
ing instruction-tuning. For certain tasks requiring specialist knowledge, parametric
knowledge might be insufficient since the LLM has not been exposed to these tasks
during training. Then, one can introduce non-parametric knowledge in the prompt,
a process often referred to as RAG [52]. A traditional RAG pipeline works by first
embedding chunks of documents containing knowledge in a vector space using word
embeddings. Then, when a user inputs a query, semantically close documents are
retrieved from the vector space and inputted as context for the LLM in answering
the question. Figure 2.4 illustrates a simple RAG pipeline.

To improve the accuracy of the retrieved results, several methods can be employed.
For example, the embeddings of the query may be modified in several ways. A simple
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Figure 2.4: A simplified Retrieval-Augmented Generation pipeline.

approach would be to remove stop words before embedding or add definitions to rare
or situation-specific terms to ensure that the embeddings of the query-text is closer
to the embeddings of the text containing the correct knowledge. Recent approaches
instead prompt an LLM with the query, and ask it to rewrite it in such a way that
it is likely to have better embeddings [53]. One specific such technique is referred to
as Hypothetical Document Embeddings (HyDE) [54], which entails prompting the
LLM to rewrite the query as a hypothetical document which answers the question
the query is looking for, which should then intuitively be worded (and embedded)
similarly to any real answer to the question in the knowledge base. Importantly, the
hypothetical document may include factual inaccuracies and false information, but
this is not problematic since it is only used to retrieve the actual answer.

Besides modifying the embeddings of the query, it is also possible to evaluate the
retrieved chunks of text against the query to determine which ones are best, a process
often referred to as reranking [55]. Often, reranking is done by using a cross-encoder1

model which has been trained on labeled pairs of query and answer passages such
that it has learned which passages are good answers to queries and which are not,
as done by Santhanam et al. [57] with the ColBERTv2 model.

Traditionally, reranking is done using models that have been trained on pairs of
questions and answers. However, any model that takes two passages as input and
outputs a score of some kind can be used as a reranker. One example would be to use
a model trained for textual entailment, often referred to as NLI, i.e., a model that
has been trained on pairs of sentences to determine if they are “entailed”, “neutral”

1In short, cross-encoder models are similar to the BERT-models described above, however they
can take as input two sentences/passages and output a prediction, e.g. if the right sentence contains
the answer to the left sentence [56].
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or “contradictory” [42].

2.4 Knowledge Graphs
A knowledge graph is a way to bridge the gap between real-world concepts and
enterprise data management. Using a knowledge graph, users can bring relation-
ships and real-world concepts to the forefront instead of relying on database schemas
[58]. The knowledge graph consists of nodes and edges, which respectively represent
real-world concepts and relationships that together make up the graph. This repre-
sentation allows the graph to combine and integrate data that originate from several
different sources [58]. Knowledge refers to concepts and the relationships between
them being treated as core elements, capturing how domain users perceive and un-
derstand the world. A graph is a data structure based on nodes and edges that
allows for the integration of data from diverse sources, ranging from unstructured
to structured formats.

Figure 2.5 shows an example of a knowledge graph that illustrates some basic rela-
tionships between flora and fauna.

Figure 2.5: An example of a knowledge graph.

2.4.1 Property Graphs
A property graph can be used to construct a knowledge graph. The property graph
model provides greater flexibility compared to directed edge-labeled graphs [59].
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The reason for the increase in flexibility is the introduction of property-value pairs
and labels to both nodes and edges within the property graph. Nodes and edges in
a property graph are treated as structured objects [59]. One of the databases that
implements property graphs is Neo4j, which was the graph database of choice for
this thesis.

Figure 2.6 illustrates an example of a property graph with some basic properties.

Figure 2.6: An example of a knowledge graph implemented as a property graph.

2.4.2 Ontologies
A knowledge graph may also incorporate an ontology as a way to organize and
formally represent the knowledge graph data [58]. Generally, in the context of
knowledge graphs, these ontologies or schemas consist of three main components
[58]:

• Classes: an abstraction for creating collections of objects. E.g., the class
“Tiger” may contain two instances, “tiger-1” and “tiger-2”. Both classes and
instances are then nodes in the graph.

• Datatype properties: relations between instances of classes and literals. E.g.,
“tiger-1” might have a “name”, “Boris”. Then, “tiger-1” is an instance, “name”
is the datatype property and “Boris” is the literal. The datatype property is
then typically an edge in the knowledge graph.
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• Object properties: relations between instances of two classes. For example, the
two tigers may be friends, represented by a “friend” object property, i.e. an
edge between the two instances.

The ontology representation of a knowledge graph was not used in this thesis. How-
ever, it is a popular alternative in the literature (see Section 4.2), which warranted
this brief review.

2.5 Summary
This chapter has briefly summarized some important concepts related to software-
intensive companies, compliance, NLP, LLMs, and knowledge graphs. Importantly,
it has described the characteristics of software-intensive companies and highlighted
the importance of compliance for such firms. This thesis builds on the crosswalking
concept by tracing between normative requirements and company guidelines, which
is evaluated on three safety-critical process standards: ISO 21434, ISO 26262, and
IEC 62443-4-1. The crosswalking is enabled by embeddings, NLI-rerankers, LLMs,
and is structured as a property graph.
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The thesis is an exploratory field study using the DSR framework. This section
provides a detailed description of DSR and explains how the framework has been
applied in the study. It also outlines and justifies the overall methodology for data
collection and analysis.

3.1 Design Science Research

DSR is a problem-solving approach that seeks to enhance human knowledge by gen-
erating innovative artifacts as solutions to real-world problems [1]. Often, DSR is
used for creating and evaluating IT artifacts intended to solve identified organiza-
tional problems [60]. It was used in this thesis to create an NLP and LLM-based
software artifact to solve an identified compliance problem, namely, compliance trac-
ing. The DSR approach has in recent years generated a surge of interest due to its
potential to contribute to fostering the innovative capabilities of organizations [1],
and has moreover been shown to create artifacts with significant economic and so-
cietal impact, particularly in information systems research [61], [62]. DSR is central
in many different fields such as engineering, architecture, business, economics, and
information technology, where it is used for creating innovative solutions to design
problems [1].

The DSR approach was particularly appropriate for this thesis due to its emphasis on
building and evaluating artifacts to address practical problems. While collaboration
with industry practitioners is also common in other research approaches, such as
Action Research, DSR is distinct in that the creation of an artifact is central to
both the research process and its outcomes. Given that neither researcher had
prior experience in the compliance field, close collaboration with practitioners was
essential not only to identify relevant challenges but also to ensure the artifact
addressed them effectively. The researchers collaborated with four software-intensive
companies to identify key challenges (see Table 3.1), and subsequently developed and
evaluated the artifact in close collaboration with two of these companies (B and D).
This collaboration included multiple on-site visits and continuous communication
throughout the development process.

Since the research was conducted in a specific, real-world setting and the purpose was
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Company Industry
A Mobile telecommunications
B Automotive
C Cybersecurity
D Water solutions

Table 3.1: Companies collaborated with throughout the thesis

to study a specific software engineering phenomenon (requirements and compliance
tracing), this thesis was a field study [63]. According to Stol and Fitzgerald [63], a
field study enables the authors to gain deep knowledge into a specific problem in a
real-world scenario. However, this comes at the cost of low precision of measurement
and low generalizability. Given the context and nature of this study, we determined
that a field study leveraging the DSR framework represents the most appropriate
approach. To investigate the RQs within this field study, the authors employed
a combination of qualitative and quantitative methods: semi-structured interviews
(see Section 3.2.1), literature review (see Section 3.2.2), factorial experiments (see
Section 3.2.3), focus groups (see Section 3.2.4), thematic analysis (see Section 3.3.1),
and logical argument (see Section 3.3.2).

DSR is generally done in cycles, each consisting of activities [1]. The research
starts with activity 1, which is not a part of any cycle. This activity defines the
problem and demonstrates its importance [1]. After the first activity is completed,
the cycles begin. Each cycle contains four activities: First, the researchers define
the objectives of the cycle to improve the artifact. Second, the researchers design
and implement the new artifact. Third, the artifact is tested for solving the problem
defined in activity 1. Fourth, an evaluation of the new artifact is done. Most cycles
end at step 4 and begin a new cycle afterwards, apart from the last cycle, where a
fifth activity is to communicate the findings. The different activities, workflow, and
methods used during the cycles of this thesis are illustrated in Figure 3.1. The thesis
adhered to the guidelines for conducting a design science master thesis by Knauss
[64].

The proposed way of conducting DSR is that its done iteratively [64], [1]. A master
thesis usually fits 3 cycles, where each respectively lasts about one month [64] and
consequently, this thesis consisted of three cycles. In each of the cycles, it is expected
that the artifact should improve. As such, each cycle must gather data for all the
proposed RQs (RQ1-3 ) [64], [1]. However, the focus for each cycle shifts between
the RQs.

The software artifact produced must thus be evaluated in one way or another in
each cycle. It should be noted that there are generally trade-offs when evaluating
an artifact, namely trade-offs between rigor, efficiency, and ethics [65]. In relation
to this thesis, the main trade-off in evaluation was between rigor and efficiency.
A rigorous evaluation of the produced artifact would require extensive testing and
evaluation by experts in compliance and industry practitioners, however, this would
also be very time- and cost-intensive. The thesis approached this trade-off by having
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Figure 3.1: Activities and workflow of the thesis [1]. The italic text is the method
used for that specific activity.

a less rigorous evaluation in the first cycle, to instead have a more rigorous evaluation
in the second cycle, and in particular, the third and last cycle.

For each of the cycles shown in Figure 3.1 Activity 3 illustrates the continuous
development of the software artifact (Tracealign) as well as what inspired the design.
As can be seen in Cycle 1, the literature review was the main source of design
decisions when producing the first flowchart of the software artifact. During Cycle 2
and Cycle 3, the factorial experiments guided the design of the software artifact. The
combination of the previous cycle’s evaluation (Activity 5) together with continuous
feedback from practitioners and the intermediary evaluation in each cycle’s Activity
3, enabled the authors to design and develop the software artifact.

The following sections will describe the methods used in each of the cycles, divided
into data collection and data analysis. Prior to any of the cycles, semi-structured in-
terviews were conducted with industry practitioners working with compliance. The
first cycle then defined the objectives of a solution based on the results from the the-
matic analysis of the interviews. Based on this analysis, a flowchart of a suggested
solution was developed by the authors and validated internally using a logical argu-
ment. The second and third cycles collected data through focus groups and factorial
experiments, which were analyzed and used for evaluation of the software artifact.

3.2 Data Collection

Data collection consisted of four different methods: semi-structured interviews, a
literature review, factorial experiments, and focus groups.
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3.2.1 Semi-Structured Interviews

This section presents Activity 1 conducted before any cycles shown in Figure 3.1.

To answer RQ1 and RQ2, interviews were conducted with compliance practitioners
in software-intensive companies. The interviews were structured as expert interviews
[66], a form of semi-structured interviews, which is the dominant form for qualitative
interviews [67]. Semi-structured interviews (also referred to as semistandardized
[68]) entail that the researchers create a formal list of open-ended questions, to be
asked in a consistent and systematic order, but the interviewer is allowed (and in
fact, should) digress from the questions and ask follow-up or unplanned questions
[67], [68]. Expert interviews were used since the interviewees are of less interest
than the expert knowledge they possess [66]. Thus, the interviewees were seen as
representatives of a group [66]. The purpose of using expert interviews for this thesis
was to explore and orient the field of compliance, especially the challenges with it
and the potentials for automation.

The list of interview questions, i.e., the interview guide, used for the expert inter-
views can be found in Appendix A.3, along with the consent form and participant
information sheet. These were prepared in accordance with Clarke and Braun [67].
An interview guide is particularly important when conducting expert interviews [66].

First, the main body of questions, meant to answer RQ1 and RQ2, were brain-
stormed by the authors, independently of one another. Second, beginning and end-
ing questions were created. Third, the main body of questions was reorganized to
flow logically and grouped into main topics: “background information”, “challenges
with the process”, “challenges with interpretation”, and “data and tools”. Finally,
once a draft of the interview guide was done, each question was polished to ensure
that they were correctly phrased, following Clarke and Braun [67], and potential
follow-up questions were prepared, listed as sub-items in the guide.

The semi-structured expert interviews were conducted over a four week period and
included seven experts working in four different companies. For a complete list
of the anonymous interviewees and their corresponding companies, see Table 3.2.
When possible, interviews were conducted face-to-face, as this is generally advan-
tageous [67]. This was unfortunately only possible for Company B, and the other
interviews were thus conducted in virtual meetings. Interviews were scheduled to
take around one hour. All interviews were recorded and transcribed automatically
using Microsoft Office.

To mitigate bias and capture different perspectives on the compliance process and
its challenges, participants had different roles within the organizations. The process
of choosing interviewees usually consisted of a contact person at an organization to
whom the authors described the study and its purpose. The contact person then
redirected the authors to professionals at the organization who could participate in
the semi-structured interviews.

As seen in Table 3.2, the interviewees possess a diverse set of roles within the different
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organizations. Many of the roles, such as: “R&D Manager”, “Security architect”,
“Compliance manager”, “Platform architect”, and “Functional safety manager” are
senior members of the organization, which was desirable as compliance requires high-
level decisions. Moreover, the role “Functional safety team member” is also desirable
since they work with the direct effects of the high-level compliance decisions. To
capture even more fine-grained effects of compliance, it would have been desirable
to interview engineers as well, but unfortunately, that was not possible.

Interviewee Role Company Date Length of In-
terview

Interviewee A1 Domain expert Company A 21-01-2025 ~30 min1)

Interviewee B1 Functional safety
team member

Company B 22-01-2025 ~1 hour

Interviewee B2 Functional safety
manager

Company B 22-01-2025 ~1 hour

Interviewee C1 R&D Manager Company C 22-01-2025 ~1 hour
Interviewee A1 Domain expert Company A 31-01-2025 ~30 min1)

Interviewee D1 Security architect Company D 02-02-2025 ~1 hour2)

Interviewee D2 Compliance manager Company D 02-02-2025 ~1 hour2)

Interviewee D3 Platform architect Company D 02-02-2025 ~1 hour2)

1) This interview was conducted in two parts.
2) The interview with Interviewee D1, D2 and D3 was conducted as one group interview. This
was partly a necessity out of time considerations but also due to the interviewees possessing
knowledge about different parts of the compliance process in the firm.

Table 3.2: Interviews conducted in Cycle 1

3.2.2 Literature Review
This section presents Activity 3 conducted in Cycle 1, shown in Figure 3.1.

In accordance with Jesson [69], a traditional literature review was undertaken for the
thesis to explain the current state-of-the-art in automating compliance using NLP
while also establishing a research gap and answering RQ2. The literature review
specifically takes the form of a state-of-the-art review [69], since it brings the reader
up to date on the most recent related works. It moreover informed the design and
development of the software artifact by guiding the authors in the field of compliance
automation. The identified papers also illustrated which of the interviewee-identified
automation opportunities were already covered in the literature.

The literature review was conducted to explore the current state-of-the-art in au-
tomating compliance. Of particular interest to this thesis is the prior work related to
using NLP and LLMs for automating compliance. To find such work, the following
search phrase was used:

(LLM* or “large language model*” or NLP or “natural language processing”) and
(complianc*)
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The search phrase was input into Web of Science and ACM Digital Library, restricted
to works published after 2019, i.e., in the range 2020-2025. The search matched
based on title, abstract, and keywords.

The literature was analyzed to find a research gap and inspirations for how the soft-
ware artifact could be designed (RQ2 ), implemented and evaluated. The important
parts of each paper, i.e., the domain it covers, what problem it is trying to solve,
the NLP/LLM methods used, and possibly how well the artifact performed, were
briefly summarized. This is standard procedure in a traditional review [69]. Once
each paper had been summarized, it was classified based on what problem it was
trying to solve, and if necessary, papers were grouped if they attempted to solve the
same problem, in a similar domain, using the same methodology.

3.2.3 Factorial Experiments
This section presents Activity 3 conducted in Cycle 2 and Cycle 3, shown in Figure
3.1.

To supplement the qualitative results, experiments were run on a “labeled” dataset
provided by one of the partnering companies (Company B).

Assessing the accuracy of the software artifact’s tracing function was difficult, as this
would have required a dataset with mappings from one document to another. An
assessor would not generally produce such a dataset when assessing the compliance
of a document or a company as a whole. However, Company B was able to provide
a mapping from a regulation (R155) to a standard (ISO 21434) that had been
meticulously constructed over 6 months by several experts and PhD students. While
this dataset was not a perfect representation of the task the software artifact would
typically handle, it was conceptually similar and served as a proxy for determining
the accuracy of the artifact’s tracing ability. Moreover, it enabled the authors to tune
the software artifact and measure how well the artifact captured human intuition.

The purpose of supplementing the qualitative results with factorial experiments
was a combination of establishing a baseline performance and identifying areas for
improvement of the software artifact. These quantitative experiments were also
used for validating the functionality of the software artifact and for closing the gap
between the qualitative data and quantitative measurement

Data and possibilities for evaluating the software artifact were not abundant. As
such, the quantitative experiments were designed to extract as much data as possible
from the datasets.

Throughout various stages of development, the software artifact had different pa-
rameters and factors that affected performance and accuracy. In order to tune these
parameters and determine the effect of varying the factors, factorial experiments
were used [70].1 When experiments included factors that were more qualitative

1In the context of tuning hyperparameters in ML, the terminology “hyperparameter grid search”
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than quantitative (e.g., the type of embedding model used, or the type of LLM
used), factorials with mixed levels were employed [70].

The outcomes of the experiments were evaluated using several metrics based on
the number of True Positives (TP), True Negatives (TN), False Positives (FP), and
False Negatives (FN) predicted by the model. A TP refers to a trace that should
have existed and was correctly created by the model. A TN refers to a trace that
should not have existed and was correctly not created. An FP refers to a trace
that should not have existed but was incorrectly created, while an FN refers to a
trace that should have existed but was not created. These outcomes are used in the
following metrics, which were used to quantitatively assess the performance of the
software artifact:

Accuracy = TP + TN

TP + TN + FP + FN
,

Recall = TP

TP + FN
,

Specificity = TN

TN + FP
,

Precision = TP

TP + FP
,

Fβ-score = (1 + β2) · TP

(1 + β2) · TP + β2 · FN + FP

3.2.4 Focus Groups
The demonstrations (Activity 4 in Figure 3.1) in Cycle 2 and 3 were done using focus
groups, although for slightly different purposes and thus using slightly different
approaches. In these cycles, data were collected to evaluate the current software
artifact prototype.

In Cycle 2, the purpose of evaluation was equivalent to the fifth purpose listed by
Venable et al. [65]: “evaluate a designed artifact formatively to identify weaknesses
and areas of improvement for an artifact under development”. In other words, the
purpose of the evaluation was to evaluate the current software artifact prototype
to identify areas of improvement and refinement. In Cycle 3, the final cycle, the
purpose of evaluation was the second one listed by Venable et al. [65]: “evaluate the
formalized knowledge about a designed artifact’s utility for achieving its purpose”.

In order to demonstrate the software artifact developed in each cycle, focus groups
of people who work with compliance were gathered from the partnering companies.
Focus groups are essentially any group discussion where the researchers are actively
encouraging of and attentive to the group interaction [72]. Originally, focus groups
stem from media and marketing research, where the focus has been explicitly on
using group interactions that would have been less accessible in a non-group setting.

is more commonly used [71].
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The focus groups aimed to get feedback on the artifact produced from previous
cycles [72].

Focus groups in this study consisted of people with varying backgrounds and roles
who, in one way or another, worked with compliance against normative require-
ments. Groups were homogeneous with respect to which company they worked
for, but heterogeneous with respect to their roles and experiences with compliance.
When conducting focus groups, it is generally important that the participants in
each group share at least one important characteristic [73], which in this case was
the company and normative requirements they worked with. All focus groups taken
together were, however, heterogeneous with respect to the companies studied. Thus,
each singular focus group allowed the researchers to study and analyze the perspec-
tives and interactions of people with different roles and perspectives on compliance,
whereas all focus groups as a whole allowed the researchers to contrast the needs
and wants of different companies. Being able to analyze both within and between
groups is important and standard when conducting focus groups [72]. Moreover, the
focus groups always included new participants not present in any previous cycle to
mitigate bias.

The full protocol used for demonstrating and evaluating the prototype in Cycle 2
can be found in Appendix B. In short, the authors briefly introduced how the soft-
ware artifact worked, its intended use cases, and demonstrated some of its features.
Questions to the audience were asked throughout the demonstration and also after,
in a semi-structured way. Table 3.3 summarizes the six anonymous participants
from the focus group conducted at Company B on 12-03-2025.

Participant Role
Participant B1 Functional safety team member
Participant B2 Functional safety manager
Participant B3 Functional safety team member
Participant B4 Safety engineer
Participant B5 Safety engineer
Participant B6 Functional safety team member

Table 3.3: Focus group participants in Cycle 2

The full protocol used for demonstrating and evaluating the prototype in Cycle 3
can be found in Appendix C. Two focus groups were conducted, one in person at
Company B on 2025-05-12 with six participants and one virtually at Company D on
2025-05-13 with four participants. Both focus groups took approximately one hour
each. Table 3.4 summarizes the anonymous focus group participants.
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Participant Role
Participant B1 Functional safety team member
Participant B2 Functional safety manager
Participant B3 Functional safety team member
Participant B4 Safety engineer
Participant B7 Consultant
Participant B8 Consultant
Participant D1 Security architect
Participant D2 Compliance manager
Participant D5 Head of legal
Participant D6 Data scientist

Table 3.4: Focus group participants in Cycle 3

All focus groups took approximately one hour. The audio from all demonstration
sessions was recorded and transcribed automatically using Microsoft Office.

3.3 Data Analysis
Two methods for analysis were employed in this study. First, thematic analysis
was employed to analyze the results of the interviews and focus groups, albeit with
slightly different approaches for each type of data. Second, a logical argument was
carried out in the first cycle to validate the flowchart that was produced.

3.3.1 Thematic Analysis
This section presents Activity 2 conducted in Cycle 1, Activity 5 in Cycle 2, and
Activity 5 in Cycle 3, shown in Figure 3.1.

The interviews and focus groups were analyzed using inductive thematic analysis
[74]. All interviews and focus groups conducted were transcribed and manually
combed through by the authors to extract codes by analyzing answers at the sentence
level. Codes were generally quotes or paraphrases from the interviewees that were
found meaningful with regards to the RQs being investigated [74].

The extracted codes were then grouped into categories. Each category described
the underlying meaning of the extracted codes. The methodology for the process is
described by Alvinius et. al [74]. Finally, after categorizing the codes, the results
were mapped onto themes as described in Alvinius et al. [74]. Each theme captured
one or several categories and encoded the more general concepts. The extracted
themes were reviewed one last time, and those without bearing to the RQs were not
included in Chapter 4 and Chapter 6.

Table 3.5 shows some examples of quotes from interviewees, and how they were
turned into codes, categories, and themes. Quotes in Swedish have been manually
translated by the authors.
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3.3.2 Logical Argument
This section presents Activity 5 conducted in Cycle 1 as shown in Figure 3.1.

As discussed by Venable et al. [65], there are, in general five different purposes for
evaluating a design theory, artifact, or hypothesis in DSR. In Cycle 1, the purpose of
evaluation corresponds to the first purpose mentioned, i.e., to “evaluate an instan-
tiation of a designed artifact to establish its utility and efficacy (or lack thereof) for
achieving its stated purpose”. The type of evaluation used in Cycle 1 most closely
resembles the “logical argument” presented in Peffers et al. [75].

Based on the literature review and interview analysis, the authors gained an under-
standing of the challenges firms currently face in their compliance processes, as well
as the issues that have been addressed in existing research and the corresponding
solutions. Using these insights, the authors brainstormed multiple potential solution
candidates. The final selection was made based on the previously gathered data,
ensuring that the chosen solution was both feasible within the given time frame and
novel in relation to the identified literature.

In the first cycle, no working artifact was produced. Instead, the authors produced a
conceptual idea that was represented by a flowchart. It was produced in an iterative
fashion by first coming up with a solution, then evaluating it against the problems
identified and methods used in the literature. Once a final flowchart had been
created, the authors evaluated it internally by ensuring that it was both novel and
able to solve one of the challenges found. Since no working artifact was developed,
this was a type of ex ante evaluation [76].

3.4 Data Triangulation
The thesis collected data from various sources: qualitative data from semi-structured
interviews and focus groups with industry practitioners; qualitative data from the
literature review; and quantitative data from the factorial experiments. Using dif-
ferent data sources to validate findings is often referred to as data triangulation
[77].

Data triangulation was used in this thesis to validate the correctness of the find-
ings using various sources. For example, the automation opportunities identified
by interviewees were compared with the general literature to determine which new
automation opportunities had been found and which had already been automated.
The focus group feedback was complemented by quantitative findings from the ex-
periments, which gave different types of input for the researchers. The focus group
feedback gave more general insight into what features might be missing and what
traces the artifact incorrectly created, whereas quantitative data gave more precise
insights into how the different components affected the results. Overall, the use of
different data sources allowed the researchers to draw conclusions and validate the
findings with more confidence than would have been possible using only one data
source.
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The qualitative data gave rich descriptions of the real-world scenarios in which
the software artifact was situated. This data was generally not captured by the
quantitative data. The quantitative data, however, captured more comprehensively
the overall performance and accuracy of the software artifact in a way that could not
be captured using qualitative data. The combination of these methods allowed the
researchers to investigate when the findings from the data types aligned or differed.

3.5 Summary
This thesis used the DSR methodology structured into three cycles:

Before Cycle 1, semi-structured expert interviews with compliance practitioners were
conducted, which were analyzed using thematic analysis to answer RQ1 and RQ2.
Cycle 1 then included a traditional state-of-the-art literature review to complement
the answer to RQ2. This cycle produced a flowchart that was evaluated using a
logical argument.

Cycle 2 implemented the flowchart from Cycle 1 into a functional software arti-
fact, which was designed and developed with the help of factorial experiments and
demonstrated in a focus group. The results from the focus group were analyzed
using thematic analysis to guide the development of the final software artifact.

Cycle 3 improved upon the software artifact from Cycle 2 based on the results from
the thematic analysis. The improved and final software artifact, TraceAlign, was
designed and developed using factorial experiments. It was then demonstrated in
focus groups, which were evaluated using thematic analysis to answer RQ3.

33



3. Research Methods

Quote Code Category Theme
“So I think from
a compliance
point of view, the
typical activities
would be to help
settles the scope
of compliance of
compliance or
countries applica-
tions”

A typical activity
would be to settle
the cope of com-
pliance or coun-
tries applications

Compliance af-
fects the decision-
making of firms

Parts of the Com-
pliance Process

”All developers
do not need or
shouldn’t be ex-
perts in all of
these compliance
issues”

Developers
should not need
to be experts in
compliance issues

The compliance
process requires
support processes

Parts of the Com-
pliance Process

“This standard
[ISO 26262] is
very fuzzy since
it is meant to
be followed by
automotive in the
entire world. (...)
We need to do
something called
integration for
example, but what
that is it doesn’t
say exactly”

The standard is
fuzzily written

Problems with in-
terpreting norma-
tive requirements

Challenges In-
herent to the
Specifications of
the Normative
Requirements

“[When asked
about how hard
it is to inter-
pret normative
requirements] I
would like to say
that it is pretty
hard.”

It is pretty hard
to interpret
normative re-
quirements

Problems with in-
terpreting norma-
tive requirements

Challenges In-
herent to the
Specifications of
the Normative
Requirements

“It [ISO 26262] is
hard to map di-
rectly into the or-
ganization”

Hard to map
normative re-
quirements into
the organization

Problems with
mapping the
normative re-
quirements into
the organization

Challenges In-
herent to the
Specifications of
the Normative
Requirements

Table 3.5: Examples of quotes and their respective codes, categories, and themes
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4
Compliance Challenges and
Automation Opportunities

This chapter presents the answers to RQ1 and RQ2 based on the semi-structured
interviews and the literature review. The answers are presented in sections based on
themes identified by the authors during the thematic analysis performed in Cycle
1. The themes were derived based on groupings of quotes and paraphrases from
industry practitioners.

4.1 Compliance Challenges
This section answers RQ1 : What are the challenges that software-intensive compa-
nies experience in complying with normative requirements? The answer for RQ1 is
based on the results from the thematic analysis performed in Cycle 1.

4.1.1 Challenges in the Organization
Several of the identified challenges can be linked to the organizational structure of
the firm trying to stay compliant. There are difficulties related to both larger and
smaller firms,1 albeit slightly different ones.

Larger firms are prone to challenges with coordination, hierarchies, and slow bu-
reaucracies. There are often several different, semi-isolated departments working on
different parts of the product. However, while the departments are semi-isolated,
the product itself is not. Requirements on the product may come from several de-
partments and thus require them to coordinate with one another to produce a safe,
compliant product. This leads to departments having to proactively guess what re-
quirements may come from other departments or design their requirements in such
a way that they can accommodate many other solutions. This was emphasized by
one interviewee: “A hundred different groups are coming to place demands on us.
No one has done it yet, so we have to guess what requirements they’ll come with,
and try to prepare a bit, so we have something that’s probably roughly correct”. This
results in extra work for the employees.

1Small firms are here defined as having less than 500 employees.
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Some companies have created a central group that aims to break down the normative
requirements into more fine-grained requirements that can be used downstream in
the organization. However, this group generally worked too slowly for the individual
departments. The interviewees also expressed that the “fine-grained” requirements
are generally not fine-grained enough for the engineers to use, and the department
heads still need to manually interpret them, leading to a hierarchy of requirements
being broken down.

Smaller firms generally face different challenges, mostly related to a lack of a compli-
ance department and a lack of automation tools. As mentioned during the interviews
by a manager in a relatively small firm: “a compliance manager is not the first per-
son you hire”. As such, when smaller firms have trouble interpreting a standard,
they must generally turn to costly consultants.

In both large and small firms, there are communication challenges that cause prob-
lems in the compliance process. Interviewees at larger firms expressed that while
there is a central group for interpreting standards, it is not easy to communicate
with them. The smaller firms instead answered that it was important that engineers
invent the compliance process and managers provide the tools to support the said
process. This was identified as a difficult coordination challenge.

4.1.2 Challenges when Managing Global Markets
This theme captures the challenges of companies that operate in global markets
(and different vertical markets). When a company is to launch a product on several
global markets, there exist different normative requirements that exert constraints
on the product.

One challenge this imposes on the company is what normative requirements to
comply with for each of the different global markets. As noted by one interviewee
in the context of developing a new product: “What are the standards we need to be
compliant with?”

Another challenge is to find which of the normative requirements are the most re-
strictive on the processes and demands of the product. Several interviewees highlight
this challenge, for example: “You aim for the limit values that are the strictest, so to
speak”, and: “compliance requirements, if there are many, they are diverse and but
they’re also kind of like the lowest common denominator” when discussing normative
requirements on a global market.

For each product sold on several markets, the company has to weigh the cost of
choosing the most restrictive normative requirements against the value brought by
that market. This challenge was also brought to attention by an interviewee when
discussing the restrictiveness of normative requirements on different markets: “It
can also drive a lot of cost. You might need certain materials or special solutions to
meet the requirement, and it might not be economically sustainable to sell a product
with that level of performance when it doesn’t actually need to meet that standard.”
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4.1.3 Challenges Inherent to the Specifications of the Nor-
mative Requirements

Companies face challenges aligning current software development practices with ex-
isting normative requirements. While these requirements have been updated over
time, they often lag behind the pace of industry evolution. One interviewee high-
lighted that some normative requirements still fail to reflect how software is devel-
oped today: “They [ISO] didn’t really consider that the standard’s foundation itself
is around 15 years old, and technology has moved on. The way they saw systems
back then doesn’t fully apply anymore.”

Another challenge is the alignment between several normative requirements when
applied to a product or process. As brought to attention by one interviewee: “They
[normative requirements] serve the same purpose but it is not always the case that
they want to do things in the same way”. This highlights that normative require-
ments often expect the same output but differ in the methods for producing that
output, which imposes a challenge for the firms when deciding which method to use.

A last challenge is how to manage abstract and uncertain normative requirements.
Several interviewees mention that there is a need for a compliance advisory. One
interviewee expressed: “Request for compliance advisory in the future because it can
be very difficult to really nail it in terms of did we really satisfy this requirement
or how did we interpret this”, emphasizing that interpretations of the normative
requirement can be challenging.

4.1.4 Challenges with Maturity of the Compliance Process
This theme encompasses challenges concerning compliance maturity for the partic-
ipating companies. During the interviews, a distinction emerged between mature
and less mature firms. Maturity was understood as the presence of an established
compliance process, as opposed to firms still in the process of developing one.

Mature firms are generally less prone to compliance challenges than less mature
firms. However, the adaptation of new normative requirements into current com-
pliance processes poses a challenge, albeit a smaller challenge than for less mature
firms. As an interviewee at a mature firm noted: “That scenario [of having to
comply with a new regulation] would be much worse if having a company where you
don’t have a practice for working (...) or at least have a relatively mature process
framework”.

Less mature firms face several challenges with the compliance process. The first
challenge is that the firms have to create and integrate a complete compliance process
into their current operations. In relation to how one firm worked with compliance, an
interviewee mentioned that “(...) If you start trying to sort something like this out,
it makes a whole bunch of other things that may have been swept under the rug for
many years painfully obvious”, highlighting the challenge of integrating compliance
into the current operations.
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The second challenge for less mature firms encompasses retrofitting previous work
to also be compliant with the adopted normative requirement. In many cases, de-
velopment had already begun before the normative requirements were in place. As
one participant expressed: “(...) people have started without having anything in
place. So now I guess you have to patch and redo some parts (...)”. This high-
lights the challenge of aligning legacy operations and products with new normative
requirements.

The last challenge for less mature firms is the high resource demand of adopting a
new normative requirement, due to the lack of existing compliance processes. One
interviewee at a less mature firm emphasized the inefficiencies with the lack of com-
pliance processes as: “(...) Unreasonable with the lead times and unpredictability”.
There is also a need for training and education as noted by an interviewee at another
company: “It’s a matter of providing guidance, training and at the end of the day,
a lot of education. But that is required”.

4.1.5 Challenges Related to Requirements
This theme describes the challenges with requirement management noted in the
interviews.

One challenge mentioned was the difficulty of tracing incomplete or loosely defined
requirements. As one interviewee explained when talking about what current tools
lack: “Yeah, it’s about keeping things together, like the traceability between require-
ments and all that, because that’s a big part of it too. (...) As a person, even if
the link isn’t perfect, you can still understand that, yeah, it connects to that.”, em-
phasizing that current tools cannot trace incomplete requirements, which poses a
challenge.

Ideally, developers should build great products and not be experts on compliance
issues. This imposes the challenge of building and tracing comprehensive guidelines
based on the normative requirements. As mentioned in an interview: “The require-
ments from the standard (...) can be very complex to understand and then translate
into guidelines (...) Developers do not need or shouldn’t be experts in all of these
compliance issues”.

The last identified challenge was the breakdown of requirements. Specifically, re-
taining all the information at a higher abstraction level when breaking it down into
lower-level requirements. One interviewee mentioned that: “For the lower level re-
quirements, when you break them down, you really need to cover the higher level
requirement. It is easy to lose coverage”, which highlights this challenge.

4.1.6 Summary
Companies face significant organizational and process-related challenges in achiev-
ing compliance. In large companies, compliance is difficult because departments
work separately, central compliance teams are slow, and communication between
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groups is often poor. Engineers often need to work proactively without waiting for
centralized interpretation of normative requirements, leading to inefficiencies and in-
consistent understanding of requirements. Smaller firms struggle due to the absence
of dedicated compliance roles and automation, often needing to rely on external
consultants. Both types of firms highlight the importance of compliance maturity.
Those with prior experience integrate compliance more seamlessly, while less mature
firms must build compliance processes from scratch, which is resource-intensive.

Process-wise, challenges include the manual and iterative nature of verification, the
complexity of translating abstract normative requirements into concrete require-
ments and guidelines, and the difficulty of tracing these normative requirements
throughout the system. Additionally, outdated or overlapping normative require-
ments create interpretation problems, especially when firms operate in multiple
global markets with differing normative requirements.

Table 4.1 summarizes the challenges identified during the interviews. The challenge
“Building and tracing comprehensive guidelines” (bolded in the table) is the central
focus of this thesis.
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Themes Challenges

Challenges in the
Organization

Coordination between departments working on the same
product (Large firms)
Inefficient central compliance group (Large firms)
Lack of compliance department (Small firms)
Communication challenges between departments

Challenges when
Managing Global
Markets

Finding the correct normative requirement for each market
Finding the most restrictive normative requirement
Managing the trade-off between cost of normative require-
ment and value of market

Challenges
Inherent to the
Specifications of
the Normative
Requirements

Normative requirements do not reflect the current software
development landscape
Alignment between normative requirements that output
the same artifact but use different methods
Managing abstract and uncertain normative requirements

Challenges with
Maturity of the
Compliance
Process

Adaptation of new normative requirements (Mature firms)
Creation of the compliance process and integration of it
into the current operations (Less mature firms)
Retrofitting processes and products that were created be-
fore the adoption of a normative requirement (Less mature
firms)
High resource demand when adopting a new normative re-
quirement (Less mature firms)

Challenges Related
to Requirements

Tracing incomplete or loosely defined requirements
Building and tracing comprehensive guidelines
Verifying information retention in breakdown of require-
ments

Table 4.1: Compliance challenges for software-intensive companies

4.2 Automation Opportunities
This section answers RQ2 : What are the opportunities to address these challenges
by automating parts of the compliance process using LLMs? The answer for RQ2
is based on the answers to questions 2 and 3 in the interview guide (see Appendix
A.3 in the section Data and tools) and is complemented by the literature review
conducted in Cycle 1. The bolded opportunities for automation are the main focus
for the software artifact in the thesis. Works from the literature review not related
to any of the interviewee-identified automation opportunities have been omitted.2

4.2.1 Opportunities for Automatic Compliance Tracing
The first automation opportunity emerging from the interviews relates to the need
for improved traceability and mapping between normative requirements, internal

2See Appendix D for the full literature review.
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guidelines, and work products. Participants described the difficulty of tracing how
specific normative requirements are addressed in internal processes, architectural
models, and code. This challenge becomes even more complex when dealing with
overlapping standards, where a single work product might contribute to compliance
with several requirements. Interviewees proposed automation ideas such as:

1. Map written code to architecture models to show how technical components
align with compliance objectives.

2. Support querying across an integrated information model to trace
compliance coverage.

3. Establish and maintain trace links between work products, internal
guidelines, and external regulations.

4. Generate justifications or evidence for how and where specific requirements
have been satisfied.

5. Help manage reference structures that connect multiple regulations.

The literature on automatic compliance tracing is quite scarce, but there exists
some prior work in these automation opportunities. The first, second, and third
opportunities are related to the automatic generation of crosswalks in Agarwal et al.
[21], the mapping of Common Weakness Enumerations to Common Vulnerabilities
and Exposures in Turtianien and Costin [78], and the mappings from cybersecurity
requirements to vendor-supplied features in Ameri et al. [79]. However, none of
these works focus on including company guidelines in their methods, and all rely on
fine-tuned BERT models, which require training data.

As for the fourth opportunity, generating compliance justification and evidence,
there are several solutions. For example, some works propose using LLMs and
few-shot learning to generate data processing activities and privacy practices to
comply with data protection and privacy regulations [80] [81]. Similarly, Khakzad
Shahandashti et al. [82] focus on using LLMs for automatically generating defeaters
for assurance cases, i.e., structured arguments that allow one to determine if a
system’s non-functional requirements have been correctly implemented.

The fifth and last automation opportunity, managing reference structures, has not
received much attention in the scholarly literature. However, Rahmani et al. [83]
propose a conceptually-related system for gathering and summarizing references
across project contracts, which could in practice be extended to regulations and
standards in the general case.

4.2.2 Opportunities for Automatic Breakdown and Verifi-
cation of Requirements

Another opportunity identified through the interviews relates to the breakdown
and verification of requirements, especially when managing inputs from multiple
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regulatory sources. Participants expressed the need for generic tools capable of
handling requirements derived from various normative requirements, and highlighted
the following opportunities for automation:

1. Translating high-level regulatory language into actionable requirements.

2. Transferring requirements across organizational, legislative, and process layers.

3. Automated breakdown of high-level regulations into actionable internal re-
quirements

4. Assisted verification by interpreting requirement language and linking it to
relevant evidence.

5. Real-time compliance feedback during development, rather than just end-of-
cycle reporting.

Verification and breakdown of requirements, and compliance checking in general,
have received quite a lot of attention in the scholarly literature, in particular in
the construction and data privacy domains. Generally, methods in the construction
domain leverage traditional NLP-tools to convert Building Information Modeling
(BIM) models into annotated rules [84], [85], [86] or ontologies and knowledge graphs
as a middle step between parsing the document and converting it to logical rules
which can be used to check compliance [87], [88], [89], [90], [91], [92]. In the data
privacy domain, a number of works focus on the automated completeness checking
of data processing agreements, privacy policies and app permissions [31], [93], [94],
[95], [96], [97], [98], [99], [100], [101], [102].

As for interpreting requirement language, there are a number of works that have
leveraged LLMs for question-answering and paragraph location, see for example Xu
et al. [103], Abualhaija et al. [104], [105], Deldari et al. [106], Sofat and Sodhi [107],
and Seong et al. [108].

4.2.3 Opportunities for Automatic Compliance Structuring
The final opportunity identified in the interviews relates to the structuring of the
data from the normative requirements. Participants emphasized the importance of
codifying standards into structured formats to support scalable and efficient com-
pliance tracing. They highlighted the opportunity of:

1. Automatically codifying and structuring an unstructured standard
(e.g, Office documents) into an ontology trace.

A number of works in the literature review structured the compliance process as
an ontology or a knowledge graph, which is also confirmed by Kotal et al. [109].
A knowledge graph-based approach applied to BIM is presented in Kruiper et al.
[18], and a similar approach for GDPR compliance is used in Elluri et al. [19]. An
ontology-based solution is presented in Javed et al. [110] for space software engi-
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neering process compliance. Other simpler approaches to compliance structuring are
presented in Zhou et al. [111] and Xue and Zhang [112], which use traditional NLP
methods to convert natural language normative requirements into clearly annotated
rules.

4.2.4 Summary
The interviews revealed several opportunities for addressing compliance challenges
through automation using LLMs. Participants saw potential in tools that could
automatically codify and structure unstructured standards into ontologies. They
also highlighted the value of establishing and maintaining trace links between work
products, internal guidelines, and external regulations. Furthermore, interviewees
highlighted the opportunity to enable querying across an integrated information
model, allowing stakeholders to trace compliance coverage more effectively.

Very few of the prior works in NLP/LLM-based automation of compliance have
focused on developing a general method and framework that works for normative
requirements in any domain. Furthermore, many of the prior works are based on
training an ML system on a manually curated dataset in a specific field, and as such,
these solutions might be less likely to generalize across fields.

With regards to compliance tracing, there is a lack of few-shot, zero-shot, and un-
supervised approaches to automating this task, in particular creating crosswalks
using GPTs. Current research in this field relies on inefficient pairwise comparisons
to make traces, which would not work with LLMs and larger data sets. Although
LLMs have been used in a number of works, these have been focusing on BERT-
based models, with GPT-based models remaining relatively uncommon. GPTs have
generally only been used in the field of question-answering and evidence genera-
tion, whereas the other challenges have been solved using traditional ML models
trained on labeled datasets. Furthermore, LLMs could support more flexible output
generation.

With the bolded opportunities in mind, the authors designed and developed a soft-
ware artifact for NLP- and LLM-based compliance tracing automation, TraceAlign.
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This chapter presents the software artifact developed in this thesis: TraceAlign. The
design of the artifact is directly informed by the underlined challenges and opportu-
nities presented in Sections 4.1 and 4.2. The version presented in this chapter reflects
the final iteration, which was evaluated in Cycle 3 to assess its utility, usability, and
fit within real-world compliance processes. The final design of the software artifact
was guided by insights gained from practitioner focus groups conducted in Cycle 2.

5.1 Problem Identification and Motivation

Tracing and maintaining well-written and comprehensive guidelines are at the source
of TraceAlign. The challenge was brought to attention many times during interviews
and focus groups as being a central, yet time-consuming and demanding task to do
manually. All of the participating companies in this thesis build guidelines for
their engineers to use in product development, and therefore the guidelines must
be comprehensive and traceable to their respective normative requirements. These
recurring observations made the challenge particularly relevant and impactful to
address. Further, engineers produce evidence from guidelines, thus, the software
artifact can easily be extended to trace evidence through the guidelines to normative
requirements if the traces between guidelines and normative requirements exist and
are correct.

Other challenges were also identified during the semi-structured interviews and are
presented in Section 4.1. However, most of them are situated at an organizational
level and are not readily addressable through the design of an IT artifact, making
the selected challenge more suitable for technological intervention. Moreover, many
of the other identified challenges were only present in some of the interviewed com-
panies, and as such, a solution to them would not be value-creating for the entire
group.

The most closely related research found was by Agarwal et al. [21], who developed
a system for performing crosswalks between normative requirements and company
policies. Their approach is based on an exhaustive search using a BERT model
with pairwise comparisons between regulatory requirements and a standard. This
prior work supports the feasibility of addressing similar challenges using NLP and

45



5. TraceAlign

LLM-based techniques, validating the design of TraceAlign.

This research gap, together with industry practitioners expressing that the challenge
is central for achieving complete compliance, motivates the need for a software ar-
tifact like TraceAlign.

5.2 Purpose and Use Cases of TraceAlign

The purpose of TraceAlign is to enable faster tracing from normative requirements
to internal guidelines and persist the results in a knowledge graph. This tracing en-
ables compliance by establishing machine-readable links between external normative
requirements and an organization’s internal controls or procedures. By automating
and structuring traceability, TraceAlign aims to reduce manual effort and support
continuous compliance monitoring. However, it does not attempt to fully automate
compliance interpretation or legal analysis. Instead, it is designed as a quality-
assurance tool that integrates into existing compliance workflows.

The software artifact has two identified use cases:

• To help companies prepare for an audit by collecting all company guidelines
for each normative requirement.

• To help companies write better, more comprehensive guidelines, by checking
which normative requirements lack coverage or has too many different guide-
lines.

5.3 Key Features

The following key features are at the core of TraceAlign:

• A feature for parsing and structuring normative requirements and company
guidelines.

• A similarity search pipeline that proposes potential trace links using embedding-
based search, NLI-based reranking, and LLM analysis.

• Storage of trace relationships in a Neo4j-based knowledge graph for querying
and information extraction.

• Report generation for illustrating trace links from company guidelines to nor-
mative requirements and vice versa.
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5.4 Design of the Software Artifact

Figure 5.1 shows the flowchart of the software artifact. It is designed as a web server
with a REST API1 interface and is built in Python.

Figure 5.1: Flowchart of the software artifact.

1A REST API (Representational State Transfer API) is a web service that uses standard HTTP
methods for stateless communication between clients and servers. The JSON format is most often
used for simplicity and scalability [113].
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5.4.1 Detailed Description of TraceAlign
This section describes in detail how TraceAlign works.

First, the user imports a .docx file with the standard and a .docx file with a company
guideline that is to be traced. The inputted documents are parsed hierarchically in
a deterministic way. Figure 5.2 shows the result of the document parsing on a
conceptual level.

Figure 5.2: The result of document parsing in TraceAlign.

For the standard, the clauses, requirements, and work products are extracted and
made into a tree-like structure in JSON where clauses point toward work prod-
ucts, work products point toward requirements, and requirements point toward sub-
requirements. For standards without explicit work products (like IEC 62443-4-1
[5]), dummy work products are built. For each of the extracted entities, their tex-
tual content is saved in their respective JSON object. Any referenced tables are
converted into Markdown and also stored in the JSON object.2 TraceAlign also
generates glossary content based on a dictionary that has terms and explanations
respectively. If a word is in the glossary and it is the first occurrence of that word, it
gets a parenthesis with the explanation following the occurrence of the word. Listing
5.1 shows a redacted example of a requirement from ISO 21434 [6] represented as a
JSON object.

The guidelines are divided into their respective sections with subsections for children.
This is done all the way down to “heading 4” in the regular .docx heading formats.
Like the standards, the textual content is saved in the JSON object, and tables are
parsed into Markdown and then saved as well.

After the data are parsed, the resulting structured JSON objects are used for the
creation of nodes and edges in the Neo4j database. To further illustrate the structure
of the graph, an example with IEC 62443-4-1 [5] is shown in Figure 5.3. The purple

2The Markdown format is the most common way to provide tables to an LLM [114]. Tables
that contain more than 500 tokens are summarized by an LLM.
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"RQ -0X-0Y": {
" content ": "[RQ -0X-0Y] The (...) threat scenario (...) in

accordance with [RQ -0Z-0Y]. ",
" glossary_content ": "[RQ -0X-0Y] The (...) threat scenario (

Potential cause of compromise (...) a damage scenario )
(...) in accordance with [RQ -0Z-0Y].",

" tables ": "",
" children ": {

"RQ -0Z-0Y": {
" content ": "[RQ -0Z-0Y] The (...) cyberesecurity

(...) .",
" glossary_content ": "[RQ -0Z-0Y] The (...)

cybersecurity ( Condition in which assets are
sufficiently protected (...) components ).",

" tables ": "",
" children ": {}

}
}

}

Listing 5.1: Example JSON structure of a requirement from ISO 21434 [6].

node is the StandardSourceModel, the orange nodes are ClauseModels, the light blue
nodes are WorkProductModels, and the dark green nodes are RequirementModels.

All of the resulting nodes are then embedded into a 1024-dimensional vector space
using BGE-M3 as the embedding model. For each of the resulting requirement
nodes, TraceAlign also generates HyDE content that gets embedded in the same
way as the regular content. The HyDE content is created by prompting an LLM
with the content of the requirement node and asking it to rewrite it as a hypothetical
company guideline. Table 5.1 shows all node types and their properties in Neo4j.

When the trace generation feature is invoked, TraceAlign starts with doing a cosine
similarity search (shown as Cosine similarity matching in Figure 5.1). For each of
the requirement nodes from the standard, their HyDE content is used to search for
semantically similar guideline documents. The top k1 retrieved guideline documents
are then inputted to the NLI-reranker (nli-deberta-base) and get a new similar-
ity score based on their respective entailment towards the glossary content of the
requirement (see NLI in Figure 5.1). After reranking, the top k2 results are kept.

Before generating the traces in Neo4j, the results from the reranking are given to
an LLM for a more explicit reasoning step regarding whether the proposed traces
are correct. The LLM is given the content of the normative requirements, all of its
sub-requirements, referenced tables, and the contents of the top-k2 possible traces.
Based on this information, the LLM is prompted to output a confidence score from
0-3, representing how certain it is that each of these traces is correct, which is used
as a filter. Based on the output from the LLM, the corresponding edges (traces)
above a threshold are generated in Neo4j, and tracing is enabled (see LLM and
Knowledge graph in Figure 5.1). An example of two complete traces from ISO 21434
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Node Type Property Data Type

StandardSourceModel

uid string
source string
compliant boolean
date date

ClauseModel

uid string
objectives string
embedding vector
section string
clause string

WorkProductModel

uid string
tables string
content string
embedding vector
section string

RequirementModel

uid string
tables string
hyde_content string
content string
gloss_content string
embedding vector
section string

GuidelineSourceModel

uid string
source string
compliant boolean
date date

SectionModel

uid string
tables string
hyde_content string
content string
name string
embedding vector

Table 5.1: Node types and their properties in Neo4j
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Figure 5.3: IEC 62443-4-1 represented in Neo4j.

[6] to R155 [115] generated by TraceAlign are shown in Figure 5.4. The purple node
on the left is ISO 21434 [6] and the red node on the right is R155 [115]. Between
the two “source nodes” the complete trace is shown (left to right): from clauses, to
work products, to requirements, to sub-sections, and finally to a section.

Figure 5.4: Two generated traces done by TraceAlign.

It should be noted that the generated traces are not guaranteed to be correct and
should be reviewed by a domain expert.

The coverage report feature queries the Neo4j database for all requirements in one
or more normative requirements (see Query from the Auditor/Manager in Figure
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5.1). For each of the gathered requirements, the artifact checks if there are any
traces present. If there exists a trace to a guideline, the traced guideline node is
saved. With all of the saved guideline nodes and all of their respective requirements,
a .docx report is generated containing the requirements as headings and a list of
traced guideline sections as content (or vice versa). Figure 5.5 shows an example of
a redacted coverage report generated based on ISO 21434 [6] and ISO 26262 [4].

5.5 Design Rationale

The design of TraceAlign was informed by previous works in NLP- and LLM-based
automation of compliance (see Section 4.2). Notably, the decision to structure the
normative requirements and guidelines as knowledge graphs was inspired by the
works of Kruiper et al. [18], Elluri et al. [19], and Agarwal et al. [21]. Unlike pre-
vious works, which creates and populates a knowledge graph based on the semantic
structures of the sentences, TraceAlign uses Regex-based pattern matching and the
.docx format to recreate the structure of the document as a knowledge graph. This
method appears to be novel in the compliance-automation field and was inspired by
feedback from the focus group held at Company B during Cycle 2. Industry practi-
tioners who have worked extensively with safety-critical standards highlighted that
the current structure is how they would have represented normative requirements
as a knowledge graph.

TraceAlign was particularly inspired by Agarwal et al. [21], which introduced the
concept of storing crosswalks in a graph structure, where crosswalks are mappings
between a source document and a set of target documents. This is identical to the
task TraceAlign performs, where the normative requirements (e.g., ISO 26262, IEC
62443-4-1, or ISO 21434) are the source document and company guidelines are the
target documents. However, unlike the work of Agarwal et al. [21] that is trained
on evaluating all possible pairs of mappings between the documents using a BERT-
model, TraceAlign is inspired by traditional works in the RAG-literature and uses
embeddings and an NLI-reranker to reduce the amount of possible pairs to evaluate.
Moreover, TraceAlign utilizes a zero-shot instruction-tuned GPT to evaluate the
traces, requiring no training data.

The use of embeddings to find possible traces was inspired by Sai et al. [116], which
similarly creates mappings between company guidelines and external requirements,
but focuses instead on detecting possible deviations. Using embeddings to retrieve
possible traces is moreover inspired by the general literature on RAG, see e.g. Lewis
et al. [52]. Since the normative requirements come from a different domain than
the company guidelines, TraceAlign uses HyDE to create the embeddings, inspired
by Gao et al. [54]. The use of HyDE was moreover motivated by quantitative
experiments, see Section 6.1.

Finally, the design decision to include a reranker was motivated by previous works
in RAG, where it has been shown to increase accuracy over solely using embeddings
[55]. Specifically using an NLI-model to rerank was motivated by Hua et al. [20],
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Figure 5.5: Example of a coverage report generated by TraceAlign.
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which illustrated that such models could, to a certain extent, interpret both company
policies and regulatory texts to meaningfully infer whether they are contradictory.
The use of an NLI-reranker was moreover shown to have a significant impact on the
F1-score of the artifact, compared to using only an embedding model or a traditional
reranker (see Section 6.1).

5.6 Summary
TraceAlign automates the task of compliance tracing of company guidelines to nor-
mative requirements. It uses Regex-matching and headings to create hierarchi-
cal knowledge graph-representations of both normative requirements and company
guidelines. Further, it utilizes word embeddings, an NLI model, and an LLM to
create traces between the documents. The development of TraceAlign is the final
outcome of the iterative design process carried out in this study. The next chapter
presents the evaluation of the software artifact (RQ3 ), where its effectiveness and
usability were assessed through quantitative experiments and practitioner feedback.
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This chapter answers RQ3 : To what extent can an AI-system, relying on LLM-
technology, sufficiently automate part of the compliance process in a firm? The
answer for RQ3 is based on the results from the quantitative factorial experiments
and focus groups done in Cycle 3.

6.1 Factorial Experiments
The software artifact was evaluated on its ability to trace between a regulation and
a standard, using data manually labeled by domain experts. Originally, this dataset
was mainly used in the design and development of the software artifact, however, it
also helps answer RQ3 as it quantitatively measures how well the artifact performs
the task. It is important to note that the dataset is heavily imbalanced since the
number of true mappings is very small compared to the number of possible mappings.
As such, accuracy is a poor metric for capturing how well the software artifact is
performing. For reference, if the artifact predicts that there should be no mappings
between the regulation and standard, it will achieve an accuracy of almost 90%,
despite being practically useless. As such, accuracy will be accompanied by the
metrics recall, specificity, and Fβ-score.

The software artifact consisted of three interconnected components: the embed-
ding model, the reranking model, and the LLM. Each one of these models can be
exchanged, and for each model there are a number of parameters that can be ad-
justed. As such, a full factorial experiment testing every possible combination for
the pipeline is infeasible. Instead, factorial experiments were conducted component-
by-component and then a few final experiments compared a subset of all factors for
the entire pipeline.

6.1.1 Embedding Model
Five different embedding models were experimented with: Instructor-XL, BGE-M3,
LegalBert [117], a BERT-model fine-tuned on the standard, and a BERT-model
fine-tuned on both the standard and the regulation.1

1Specifically, the Bert-model ’bert-base-uncased’ was trained for 10 epochs with an AdamW
optimizer from Pytorch with a learning rate of 5e−5 on a masked language modeling task for these
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What content/input should be embedded is also a qualitative parameter that can
be adjusted. For this, the authors experimented with four different variations to
the embeddings: no change (i.e., the text exactly as written in the standard and
guidelines are embedded), cleaned (i.e,. stop words were removed), glossary (i.e.,
definitions for words were added), and HyDE.

Finally, for each of these embedding models and inputs, the top k1 passages retrieved
will be passed down to the next stage in the pipeline. What k1 should be and how
it should be computed are also parameters that can be adjusted. The authors
experimented with three different types of thresholds: normalized similarity scores,2
Z-score,3 and simply picking the top k1 answers.

Thus, a total of 20 experiments were carried out, one for each embedding model and
input. All of these were then evaluated based on the different thresholds; however,
computing these different thresholds did not require running the experiments again,
and are thus not treated as a factor, but rather different ways to evaluate the result.
The full outcome of the experiments can be found in Appendix E.1.

Generally, BGE-M3 performed the best and, as can be seen in Figure 6.1, HyDE
generally outperformed the other variations to the embeddings. For example, at
k1 = 6 HyDE gives a recall of 79% and an F1-score of 36%. No processing of the
input, i.e., normal, gives a recall of 66% with an F1-score of 30% for the same k1.

Figure 6.1: Outcomes of different input texts on BGE-M3.

documents, where 15% of the words were masked at random.
2The method used was min-max normalization. In other words, given a list of numbers x =

[x1, ..., xn] a new list x′ = [x′
1, ..., x′

n] was created where x′
i = xi−max(x)

max(x)−min(x) ∀i = 1, ..., n.
3The method used for computing Z-score (also known as standard score) was, given a list of

numbers x = [x1, ..., xn] create a new list x′ = [x′
1, ..., x′

n] where x′
i = xi−µ

σ ∀i = 1, ..., n and where
µ is the mean of the list and σ is the standard deviation of the list.
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6.1.2 Reranking Model
Three different rerankers were experimented with: bge-reranker-v2-m3 [118], [119],
qnli-electra-base [120], and nli-deberta-base [121]. bge-reranker-v2-m3 and qnli-
electra-base were trained on determining whether a given passage can answer a given
question, while nli-deberta-base was trained on determining whether two passages
are “entailed”, “contradictory” or “neutral”. The same threshold variants as used
for the embedding model were experimented with here as well. Note that for the nli-
deberta-base model, passages were ranked according to how high entailment scores
they were given.4

The full results of the experiments can be found in Appendix E.2. All experiments
were conducted on text with glossary definitions. As such, only one factor was varied,
i.e., which model is used. Figure 6.2 shows the difference in performance between
the different models. Evidently, nli-deberta-base outperforms the two question-
answer rerankers, strengthening the hypothesis that the two traced sections should
be entailed. For reference, nli-deberta-base achieves a recall of 70% and F1-score
of 43% at k2 = 4. qnli-electra-base and bge-reranker-v2-m3 only achieves recalls of
30% and 28% and F1-scores of 18% and 17% for the same k2, respectively.

Figure 6.2: Outcomes of different reranker models.

6.1.3 Large Language Model
The outcome of the LLM component of the pipeline is heavily dependent on two
factors: which LLM is used and what prompt is given.

The LLM was varied between two models of the same size: Llama-3.3-70b5 [122]
and Deepseek-r1-70b6 [123]. The former is a traditional instruction-tuned GPT and
the latter is a “reasoning” model, i.e., a model that has been trained to include a
reason for the way it chooses to follow instructions. The prompt was varied between
asking the model to return a confidence score between 0-3 for each trace and asking
it to also return a reason for each confidence score. The “reason”-prompt has a dual
purpose, since forcing the model to include a reason can improve the performance
[124], and this information could also be useful for the end user.

4Alternative set-ups were also briefly experimented with, such as ranking based on the negative
contradiction score, and simply using it as a classifier where only passages that were “entailed”
were included. These setups appeared to perform slightly worse.

5Version ID a6eb4748fd29 in ollama.
6Version ID 0c1615a8ca32 in ollama.
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The full results of the experiments can be found in Appendix E.3. All experiments
were conducted based on the original text given in both the standard and the reg-
ulation. The outcome of the experiments is illustrated in Figure 6.3. As can be
seen, forcing the LLM to generate a reason generally increases recall but decreases
specificity. Overall, it has a small positive effect on the F1-score. There are clear dif-
ferences in the behavior of the different LLMs, however, it is unclear which performs
the best.

Figure 6.3: Outcomes of different LLMs and prompts.

6.1.4 Final Experiments

Finally, a subset of all possible factors was experimented on to evaluate the full
software artifact and determine the effects of varying them. The following three
factors were chosen: using HyDE vs. using normal for the embeddings; using nli-
deberta-base to rerank vs. using no reranker; and forcing the LLM to output a
reason vs. not forcing it to output a reason. All experiments were run using the
BGE-M3 embedding model, Llama-3.3-70b with its threshold set to 1 as the LLM,
k1 := 15, and k2 := 5.

All metrics from the experiments can be found in Appendix E.4. Figure 6.4 shows
the outcome of the experiments based on recall, specificity, and F1-score. As can be
seen, the NLI-reranker had the largest impact on performance, since experiments
including it significantly increase the recall. Judging by the F1-score, it would appear
that the best combination is using HyDE, an NLI-reranker, and not forcing the LLM
to reason. This results in a software artifact able to make 73% of traces that should
exist while removing 82% of the traces that should not exist.
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Figure 6.4: Outcome of the full experiments.

6.2 Focus Group
This section describes the results of the thematic analysis done for two focus groups
held at two different companies, in different domains, with different levels of com-
pliance maturity. For the focus group held at Company B, the standard TraceAlign
was evaluated on was ISO 26262, and for the focus group held at Company D, the
standard was IEC-62443-4-1.

In general, both focus groups identified that using TraceAlign would be time- and
cost-reducing compared to the current manual way of doing compliance tracing.
This result was highlighted by participants several times: “I see it as you have
proved kind of the idea that it actually works and, and could provide some value for
companies” and: “yes, I think it’s useful and it could be time-saving”. However,
one focus group did not believe that TraceAlign would help increase the accuracy of
their tracing, as the software artifact would occasionally make incorrect traces that
a human would not make. This was noted as: “I don’t think it will make our traces
more accurate, but in much shorter time”.

Many of the participants however argued that even these incorrect traces were of-
tentimes useful. They would sometimes point to the wrong guideline, but that
guideline would then reference the correct guideline. One participant mentions: “It
at least guides you in the right direction”, which highlights the usefulness. Several
participants highlight that the incorrect trace could also signal to the user that the
correct guideline did not exist or was confusingly written: “you get kind of a hint
of, OK, do we miss anything?”, and: “if we split fulfillment of one requirement into
multiple guidelines, maybe it’s confusing for the end user”. For example, the AI
made one trace where a requirement was split over two different sections. This led
the compliance practitioners to question why the requirement was split and pointed
out that this guideline was perhaps confusing for the user.

In general, the participants expressed that this was a key purpose and use of
TraceAlign, i.e., to help them write better guidelines and processes: “I think maybe
it can also help structuring of guidelines”, “(...) could be an instrument to improve”.
It was reasoned that if the AI made incorrect traces or could not find the right guide-
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line, then likely there was something off about that guideline. As such, running the
software artifact occasionally on all guidelines and normative requirements would
help identify gaps and errors in the current processes and help with continuous im-
provement and quality control. This was highlighted by one participant as: “(...)
ongoing improvement where we can run this system, maybe I don’t know, every sec-
ond month or something to see progress and filling the gaps, lowering the the number
of red dots in the heat map and, and things like that, that would be really useful”.
Moreover, if TraceAlign then identifies major areas where the company lacks guide-
lines, then it could also help with planning and resource allocation, as this would
require significant effort to fix. This was noted as: “If we identify a huge area where
we are weak, then we need to assign some resources to fix it”.

Another automation use case that the practitioners identified was to use the software
artifact to prepare for audits. Often when the company prepares for an audit, it
must produce a compliance matrix showing for each normative requirement which
processes and guidelines support its fulfillment. This is tedious and time-consuming,
and could be automated with the use of TraceAlign. This was highlighted in one
of the focus groups: “when we have audits, to make this matrix, you could say, for
this set of requirements, look for evidence over here”. Since TraceAlign runs much
quicker than doing it manually, this would save significant time.

Finally, both focus groups expressed that it was clear what part of the compliance
process the TraceAlign was trying to automate and at a high level how it did it.

6.3 Summary
The quantitative experiments performed showed that the software artifact struggled
to reach a high F1-score. However, these results are in a different, although con-
ceptually related domain, and are not representative of actual performance. They
show that the software artifact traces well, but not perfectly, which agrees with
the consensus of the focus groups. However, errors in traces can come from many
different sources, both from the companies’ guidelines and mistakes in TraceAlign.
These mistakes are of value and can illustrate gaps in the company’s guidelines
and/or show that they are written in an unclear manner. Figure 6.5 summarizes
key feedback from the focus groups divided into strengths and weaknesses.

Figure 6.5: Strengths and weaknesses of TraceAlign.

With regards to RQ3, an AI system leveraging LLM technology can automate com-
pliance tracing to a meaningful extent. While it may not fully replace human ex-
pertise, the software artifact can support the tracing of normative requirements to
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company guidelines. This level of automation can reduce manual effort, enhance
audit preparedness, and facilitate continuous improvement of compliance-related
processes and guidelines.
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Discussion

This section summarizes and discusses the findings from Chapters 4 and 6. The dis-
cussion has been divided into three sections: implications for research, implications
for practice, and validity and ethical considerations.

7.1 Implications for Research

The outcome of the interviews, literature review, and focus groups and their sub-
sequent consequences on the design and utility of TraceAlign have implications for
the general research surrounding the challenges of compliance and compliance au-
tomation.

Several challenges related to compliance in software-intensive firms were identified
based on the interviews. Many of these challenges were high-level, organizational
and management-related problems that are difficult to solve using an NLP/LLM-
based software artifact. Nevertheless, they present important challenges that need to
be solved. These challenges are perhaps better approached through a management
perspective, using for example the lens of business process re-engineering or total
quality management. Some of the challenges identified were however fine-grained
and can be addressed using NLP/LLM methods, and many of them already have
been, as evidenced by the literature review. These results contribute to the previous
knowledge on what challenges software-intensive companies face with compliance
and introduce some avenues for future research in the field of NLP/LLM-enabled
compliance automation.

Based on the interviews and literature review, the authors identified a research gap
with regard to automatic tracing from company guidelines to normative require-
ments. This challenge was the key focus of the thesis and the developed software
artifact, TraceAlign, was an attempt to fill this research gap. Tracing from company
guidelines to normative requirements is a field in which very little prior research
has been published. The literature review identified only one relevant paper, Sai et
al. [116], which focused on detecting deviations between company guidelines and
normative requirements. Sai et al. [116] also present a general approach which is
illustrated on both a standard and a regulation, however, the method presented
relies heavily on manual inspection and traditional NLP methods. TraceAlign is
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however fully automatic and uses an instruction-tuned GPT for decision-making,
although results could be manually inspected to improve performance. Agarwal et
al. [21] introduced a related system for creating crosswalks in general; however,
unlike TraceAlign, their solution relies on a fine-tuned BERT model and exhaustive
pair-wise comparisons to create mappings. TraceAlign performs a similar task but
requires no training data. Regardless, it is evident that compliance tracing is a field
of great value to industry practitioners, which has received little attention from the
scholarly literature.

From a technical view, TraceAlign was influenced by and extended several previous
works in compliance automation. The idea of using a knowledge graph to represent
the normative requirements was loosely inspired by the works of Kruiper et al.
[18] and Elluri et al. [19]. The way TraceAlign builds the knowledge graph is
however more closely related to the reference resolution introduced by Rahmani et
al. [83] and the structure of the graph was informed by close collaboration with
compliance practitioners. Hua et al. [20] moreover inspired the use of NLI models
as a reranker. Conceptually, TraceAlign was heavily influenced by the crosswalking
concept as characterized by Tupsumadre et al. [37] and the deviation detection
between company policies and external regulations in Sai et al. [116]. TraceAlign
extends both of these works by incorporating many of the latest developments in
NLP, LLMs, and RAG to solve the identified challenge.

As for the three components of the RAG-pipeline, TraceAlign extends and strength-
ens some previous results. First of all, TraceAlign is further evidence that HyDE can
have a positive effect on the performance of the retriever in RAG systems. Second,
the use of an NLI model to rerank the result from the retriever appears to have been
a novel idea in the domain of compliance tracing. It is conceptually related to the
work of Hua et al. [20], however, TraceAlign uses entailment as a measure of the
likelihood of a trace existing, as opposed to using contradiction as a measure of the
likelihood of a deviation existing. The thesis was however unable to significantly
improve the performance of the LLM-component, despite using different models and
prompting techniques. Further work focusing on this component using larger LLMs
and different prompting techniques could increase the performance.

Finally, the DSR paradigm was a central piece of the field study presented in this
thesis. Since the thesis was conducted in close collaboration with industry, DSR
provided a framework that allowed the researchers to produce a software artifact that
was not only novel but also valuable to at least some of the partnering companies.
That DSR would provide a framework that resulted in a valuable software artifact
is however unsurprising considering the many previous success stories [61], [62].
Nevertheless, this thesis contributes to the general knowledge on which type of
challenges are well-suited for DSR.
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7.2 Implications for Practice

The main implication for practice is that there are many different challenges with
compliance and many different opportunities to solve these challenges using NLP
and LLMs. This thesis choose to focus exclusively on solving the small but signifi-
cant challenge of compliance tracing. Despite the narrow focus, many focus group
participants remarked that the software artifact could have several implications for
the companies’ compliance processes. Importantly, two main use cases were high-
lighted by both Cycle 3 focus groups:

First, being able to produce traces from all normative requirements that a company
must comply with to all of their guidelines could be time- and thus cost-saving in
preparing for an audit. As highlighted by the industry practitioners, audits occur
often and require extensive manual labor currently. Automating this task at a
fraction of the time and cost could have major implications for the competitive
advantage of the companies.

Second, both focus groups highlighted that the proposed software artifact could help
them write better guidelines. By running the artifact occasionally on all normative
requirements and guidelines, companies can identify missing or confusing guidelines
that have not been traced by the artifact. Thus, TraceAlign has a dual purpose as
a quality assurance tool which in turn could support continuous improvement and
other compliance-related work within the company.

All in all, the thesis has highlighted many challenges and automation opportunities
and attempted to solve only a small subset of them. Much work remains before
the compliance processes in firms can be fully automated, if ever. If anything, it
can be concluded that all software-intensive companies interviewed face costly and
time-consuming challenges with compliance. Any tool which can partially automate
any one of these challenges are surely welcomed by these companies.

7.3 Validity and Ethical Considerations

This section covers some considerations regarding the internal and external threats
to the validity of the thesis, as well as some ethical considerations. Regarding the
generalizability of the results, there are a number of considerations of note.

First of all, the interviewees were all representatives of European software-intensive
companies. The regulatory environment of companies is heavily dependent on their
industry and geographical location, and as such nothing would suggest that the find-
ings generalize outside of Europe and software-intensive companies. Therefore, no
such claim is made. However, the interviewees mostly possessed different roles and
worked with different normative requirements in different industries, strengthening
the internal validity of the results.

The data from the interviews and subsequent analysis of said data is also to subjected
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to some threats to internal validity. Regarding the interviews, some potential threats
are the interviewers’ initial lack of knowledge regarding the subject matter and the
potential sensitive nature of the questions asked. To mitigate the researchers’ lack of
knowledge regarding compliance, semi-structured interviews were utilized to allow
interviewees and interviewers to steer the questions and answers dynamically during
the interview. To avoid the interviewees not disclosing sensitive information, non-
disclosure agreements were signed. Regarding the analysis, any qualitative data
analysis is subject to some researcher bias and would likely not turn out exactly the
same if repeated. To mitigate this bias, all thematic analyses were always performed
by both researchers.

The software artifact was moreover tested and evaluated on ISO 21434, ISO 26262,
and IEC 62443-4-1, three safety-critical process standards. While the multitude of
standards strengthens the internal validity of the results, their narrow scope and
domain limit the generalizability to normative requirements in general. Applying,
adapting, and evaluating TraceAlign on different normative requirements in different
companies is therefore left as future work.

The qualitative focus group evaluation of the final software artifact presents some
threats to internal validity that the researchers have attempted to mitigate. First of
all, the artifact is displayed in an artificial setting with the researchers controlling
the tool. This is of course not representative of a real use case for TraceAlign,
however, teaching each participant how to use the tool and allowing them to test it
would be too time-consuming. To mitigate this discrepancy, real company guidelines
and standards were used in the demonstration sessions, and the participants were
encouraged to instruct the researchers on which requirements and guidelines were
interesting to see. Further, the fact that the software artifact was evaluated in two
different companies with different guidelines and standards, yet the results were
largely the same, strengthens the internal validity.

The quantitative factorial experiments on a labeled dataset do little to support the
internal validity of the study, however. The experiments were conducted on ISO
21434, a different safety-critical process standard than the ones evaluated qualita-
tively in the focus groups. As such, it cannot be ascertained whether the software ar-
tifact’s performance on this standard is necessarily representative of its performance
on the other standards. Moreover, and perhaps more importantly, the quantitative
results show the artifact’s performance on a different task. While arguably there is
some conceptual resemblance between tracing from a regulation to a standard and
tracing from a standard to company guidelines, nothing can be said about whether
these tasks are similar in practice or of equal difficulty. As such, all quantitative
results presented in the study should be interpreted with much care. They were not
included to accurately depict the software artifact’s true performance, but rather
to show how the artifact was designed and different parameters were tuned. To a
certain degree, they also capture in some quantitative sense how close TraceAlign
comes to capturing “human intuition”.
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7.3.1 Ethical Considerations
The main ethical consideration of the thesis is related to informed consent regarding
the interviewees and focus group participants. All interviewees and focus group
participants were informed that the results would be used to write this master’s
thesis and that the audio would be recorded and transcribed but not disseminated.
All participants were moreover informed that all data would be anonymous in the
final thesis.

Finally, the authors are bound by a non-disclosure agreement with all participat-
ing companies to not disclose any trade secrets. As such, specifics regarding the
companies’ guidelines and interpretations of standards cannot be disclosed in this
thesis. Moreover, the dataset used for the quantitative factorial experiments can
regrettably not be shared.
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Conclusion

Using the DSR approach, this thesis has: 1) identified several compliance challenges
for software-intensive companies; 2) identified several automation opportunities in
relation to these challenges and; 3) created an NLP- and LLM-enabled software
artifact to partially automate compliance tracing between company guidelines and
normative requirements.

Based on semi-structured interviews with four European software-intensive com-
panies, several compliance challenges could be identified. The identified challenges
were divided into five themes, of which this thesis focused specifically on “Challenges
Related to Requirements”, particularly the challenge of tracing company guidelines
to normative requirements. This challenge was common to all software-intensive
companies and no prior work was found that addressed the challenge. In close col-
laboration with two of the aforementioned firms, this thesis designed and developed
an NLP- and LLM-based software artifact to automate the challenge.

The key contribution of the thesis is the software artifact, TraceAlign. TraceAlign,
is a RAG system which utilizes embeddings, NLI models, LLMs and a knowledge
graph to trace between company guidelines and normative requirements and persist
the results. When evaluated in focus groups with the participating companies,
TraceAlign was believed to be time- and cost-saving for the companies although
likely not accuracy-increasing compared to the traditional manual way of performing
the task. Importantly, two use cases were identified:

• TraceAlign could be used to produce information in preparation for an audit,
a traditionally time-consuming and tedious task.

• TraceAlign could be used to check the coverage of the company’s guidelines,
ensuring that the company works with continuous improvement and ensuring
that no guidelines are missing or incorrectly written.

TraceAlign is a first attempt to automate compliance tracing between company
guidelines and normative requirements. Much future work remains, particularly in
increasing its accuracy and evaluating it on other normative requirements in different
domains. There is moreover an abundance of other challenges and automation
opportunities identified in the thesis, many of which could perhaps be solved using
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the latest developments in NLP and LLMs.
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A
Interview Material in Cycle 1

A.1 Consent Form

Consent and information about processing of personal data in student
thesis

I agree to my personal data in the form of: first and last name, company of em-
ployment, role at the company as well as audio recordings and their accompanying
transcriptions may be treated by Chalmers University of Technology for the study:
“Large Language Models for Automating Regulatory Compliance in Software Engi-
neering”, where the purpose of the work is to understand what parts of regulatory
and certification compliance can be automated, and what challenges there are cur-
rently in regulatory and certification compliance. The personal data will be collected
for the purpose of understanding the current challenges in regulatory and certifica-
tion compliance and what parts of these challenges may be automated.

Information

Your personal data will be handled as follows: The data will only be handled by
the two master’s thesis students, Maximilian Forsell and Eric Erlandsson Hollgren,
the supervisor Jan Bosch and the co-supervisor at Malmö University, Helena Holm-
ström Olsson. The data handling will consist of summarizing and analyzing the
retrieved data for the purpose of mapping the current challenges in regulatory and
certification compliance and in so doing exploring what parts of the challenges may
be automated. The information will be stored for the duration of the project and
will be permanently deleted once the thesis has been reported and the grades of
Maximilian Forsell and Eric Erlandsson Hollgren have been reported in Ladok. Any
information present in the printed thesis will be completely anonymized. All in-
formation will only be stored on Chalmers’ file server. Your consent is valid until
further notice. You have the right to withdraw your consent at any time. You
do this through contacting forsellm@chalmers.se, hollgren@chalmers.se or registra-
tor@chalmers.se. If you withdraw your consent, we will cease processing personal
data we have collected with the support of your consent. Some information may
be saved due to Chalmers obligations under Swedish archive legislation. Chalmers
University of Technology, org. No. 556479-5598 is personal data controller. You
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A. Interview Material in Cycle 1

can find Chalmers privacy policy at www.chalmers.se. As a participant you have
the right to receive information about how your personal data is processed. You
have the right to have incorrect information corrected, redundant data deleted,
request that processing shall be restricted and data transferred to another actor.
You also have the right to submit a complaint to the Swedish Authority for Pri-
vacy Protection (Integritetsskyddsmyndigheten). Do you have any questions about
Chalmers’s processing of personal data contact Chalmers’s data protection officer
at dataskydd@chalmers.se.

I agree that Chalmers University of Technology processes personal data about me in
accordance with the above.

Place: Signature
Date: Name clarification

A.2 Participant Information Sheet
Researchers information and purpose of the research

We are Eric Erlandsson Hollgren (MSc student at Software Engineering and Tech-
nology, Chalmers) and Maximilian Forsell (MSc student at Data Science and AI,
Chalmers). We are collecting data for a master’s thesis that we are writing on Large
Language Models for Automating Regulatory Compliance in Software Engineering
(the thesis will be completed in 2025). The data we collect will be used for iden-
tification of challenges in the compliance process in industry. More specifically the
data will be used as grounds upon which to build a software artifact that can aid
in the compliance process. An anonymous redacted version of the data will also be
published in the thesis without revealing any part of the internal compliance process
and interpretations of a regulation or certificate. This data will merely be used as a
way for the researchers to motivate design decisions in the software artifact.

What type of data are being collected

We are collecting data using an expert-interview. An expert-interview is a part
of what is called a semi-structured interview meaning that the interview will have
prepared open questions and potential follow-up questions. We are interested in
hearing about your experience working with compliance of certifications and regu-
lations, what challenges you face and what ideas you have that can be used to solve
the challenges. There are no right or wrong answers to any of the questions we ask
and what we will discuss!

What participation in the interview will involve

The interview will consist of the expert (interviewee) along with an interviewer and a
note taker. It will last about one hour. During the interview you will be asked about
challenges, experiences and ideas regarding the compliance process that is employed
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A. Interview Material in Cycle 1

in your field of industry. This is to try to answer “RQ1: What are the challenges that
software-intensive companies experience in complying with regulations?” as well as
potentially provide some insights into “RQ2: What are the opportunities to address
these challenges by automating parts of the regulatory compliance process using
RAG-systems and LLMs?”.

The benefits of taking part

You will get the opportunity to take part in a master’s thesis research project and
the process. You will aid in the understanding of compliance and the challenges
that are faced. The master’s thesis will also produce a software artifact that you
can use however you want in your compliance process.

Are there any risks involved?

There are no risks or deception involved in this project. To make sure that no data
is leaked unintentionally, you will get the chance to read and correct any mistakes in
the transcription and the use of the transcription of the interview before the thesis
is submitted.

Will I be identifiable?

During the analysis of the interview answers you will be identifiable. The answers
will only be handled by the master’s thesis students, Maximilian Forsell and Eric
Erlandsson Hollgren, the supervisor Jan Bosch, and at Malmö University, the co-
supervisor Helena Holmström Olsson. No information gathered will be shared out-
side of these people. You will not be identifiable in the finished master’s thesis.
During the analysis part done by Maximilian and Eric you will be identifiable but
in the printed thesis you will be completely anonymous.

Can I withdraw from the research?

Yes, once you have agreed to be part of the study, you can still withdraw. If you
wish to withdraw, please email Maximilian Forsell or Eric Erlandsson Hollgren as
soon as possible, before publication of the master’s thesis (submission is in June
2025).

If you have any questions, please contact:

Maximilian Forsell, MSc student at the Department of Computer Science and En-
gineering, Chalmers University of Technology. Email: forsellm@chalmers.se. Eric
Erlandsson Hollgren, MSc student at the Department of Computer Science and
Engineering, Chalmers University of Technology. Email: hollgren@chalmers.se.

A.3 Interview Guide

Starting questions
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1. What is your name?

2. What company do you work for?

3. What is the name of the department you work in?

4. What is your official role at the company?

Main questions

Background information

1. On a given day, roughly how much time do you spend working with compliance
issues?

2. What certificates and/or regulations do you currently work with?

a Do you primarily work with product or process certificates/regulations?

3. Are you able to give a rough estimation on the overall cost of regulatory
compliance within the company?

a What are the implications of this cost on the company?

4. Do you expect the amount of work spent on compliance in the future to in-
crease, decrease or stay at roughly the same level?

5. Describe roughly the workflow when you develop a product in relation to
compliance.

a What is the process that your company uses to handle regulatory com-
pliance?

Challenges with the process

1. What more specifically do you do in your day to day work, when working with
the regulatory compliance process?

a Could you explain (topic introduced by interviewee) in more detail?

2. In the current process are you actively tracking the newly developed artifacts
towards the regulation or certification or is it done on demand?

3. Once a product has been developed, does the process for keeping it compliant
change compared to when it was under development?

a How?

b What are the reasons for this?
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4. What parts of your compliance process take the most amount of time?

a Is (part introduced by interviewee) also the most challenging?

b If you would do a rough ranking on the challenges you face, what would
that ranking be, from most challenging to least?

Challenges with interpretation

1. What is your experience with interpreting certifications and/or regulations?

2. Are there cases where a certification or regulation is contradicting itself?

a How common is this?

b How do you handle these cases?

3. If you have problems with interpreting a certification or regulation, how do
you deal with this?

4. When a product has to be compliant with several certificates or regulations
how do you make sure it is compliant?

a If they are ever conflicting, how do you handle it?

5. Does your company operate in different geographical parts of the world?

a How do you manage the different compliance processes?

Data and tools

1. What artifacts do you work with in the context of regulatory compliance? Is
it code, requirements or some other design artifacts?

a How is the data being used for compliance structured? (PDFs, Excel-files,
git-commits, etc.?)

2. Are there any automation tools used in the process currently?

a Are any of these tools using AI?

i Which sort of AI is beings used (i.e LLMs, ML etc)

b Are the tools you currently use tailored to your data?

c Which ones work better and which ones work worse?

d Why is (bad tool introduced by interviewee) bad?

e Why is (good tool introduced by interviewee) good?
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3. If a new AI driven automation tool is adopted, what would you like it to do?

a In which part of the compliance process will it have the most impact?

Ending questions

1. Is there something you would like to talk about that we have not touched
upon?

2. Are you willing to participate in the evaluation of the software artifact? (The
evaluation will be in the form of a questionnaire, or interviews for those that
are interested.)

3. Are you willing to share the data used for compliance with us given that the
use case is for us to build a new tool? This data will not be disclosed with
anyone that has not signed an NDA.
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Demonstration Protocol in Cycle 2

Introduction

Today we will show you a prototype of a system with the aim to be a tool used
in compliance tracking and verification. The tool automates the breakdown and
mapping of regulations and interpretations onto compliance artifacts. In the context
of the system, compliance artifacts are results from different procedures that need
to be executed when developing a product. Examples of such procedures could be
safety analysis, requirements, and other specifications of a product. The system
builds a property graph to aid the tracking across these different artifacts in a
structured manner and is used to generate reports on how the compliance process
is going with regards to a specific regulation or standard.

Use cases

We envision that our solution has two use cases:

1. When engineers submit a compliance artifact, they will receive instant auto-
matic feedback on what parts of the interpretation/legislation they are com-
pliant with and which parts they are missing.

2. An auditor/manager can get an overview and generate a report of the cur-
rent status of compliance regarding a legislation, with suggestions on what is
missing and how it a greater level of compliance can be reached.

Demo and questions1

• Show the entire graph the way it is currently built on main.

• Show a legislation node in the graph, the content of it and how the breakdown
works.

– Is the content given in the node sufficient to interpret this part of the
legislation?

1Steps in the demonstration are written in normal text and questions are italicized. Questions
in parenthesis were possibly skipped due to lack of time.

VII



B. Demonstration Protocol in Cycle 2

– Does automatic breakdown make sense in your eyes?

• Show an interpretation node connected to the above-mentioned legislation
node. Explain how the connection is made, what the content is and how the
breakdown works.

– Would you, on a general level, agree with this connection? Is the inter-
pretation compliant with that part of the legislation?

– Does connecting a part of an interpretation to a part of the legislation
make sense?

• Show a compliance artifact connected to both the above-mentioned nodes.
Explain how the connections are made.

– Is it sensible to track a compliance artifact (documentation, requirements)
via the interpretation all the way to the legislation?

• Show the query function in real time.

– Is this granular enough? If not, what is missing?

– (Is there something you would want us to focus more on based on the
missing data?)

• Show the requirement breakdown function in real time.

– Is this granular enough? If not, what is missing?

– (Is there something you would want us to focus more on based on the
missing data?)

Final questions

• Is it clear how the system works?

• Is it clear what part of the compliance process it is trying to automate?

• Based on what we have described of how the system works, do you think it is
a conceptually viable way to structure the data of ISO 26262?

• Based on how you currently do compliance tracking and the current compliance
process, would this idea of a system be of any use as a tool?

• How hard would it be to adopt this system into the current compliance process?

– If yes, why, what can change about the system to ease the implementa-
tion?

• Have we missed anything in our implementation?
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– Are there features you would like to see?

– Are there unnecessary parts?

– Are there any logical flaws in the current implementation?

• Open question: Is there anything anyone would like to add or ask?
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C
Demonstration Protocol in Cycle 3

Introduction

First, a refresher on what the system does and the new scope according to the
comments. The new system is more focused on the guideline to standard tracing
that we spoke of last time. This proved to be the biggest problem for the system
and is therefore why we chose to focus on optimizing it as much as possible.

For the new version of the system we have tried to incorporate as much as possible
from the feedback we got in the last evaluation. Show image. Explain what parts
have changed and why.

The chunking has been replaced with hierarchical parsing, this means that for the
standard we are dividing it into clauses that have work products and subsequently
requirements for the work products. For the guidelines we parse them into sections
and subsections all the way down to what is called heading 4 in word. We also
save the tables in a markdown format that the LLM can use. References inside the
documents get relations to one another and for references outside the documents we
make a temporary entry that gets replaced if the real document is added later.

We have added a new step in the tracing pipeline that is re-ranking using natural
language inference which basically takes the gathered sections and re-ranks the re-
sults into a new sorted list. This works differently from the embedding similarity
search as the re-ranker provides info if the two texts are entailed contradictory or
neutral. We rerank based on the results.

Lastly, we ask the LLM if the inputted guidelines should actually be traced to the
requirement.

With the new system we get a significant performance boost. The old system did
the trace mapping in 2 hours per guideline and standard. The new system does
the same work in 10-20 minutes and does not scale with the number of guidelines
already in the system. The system is also able to have 2 different granularity modes,
the most granular mode has an LLM step when making the traces and that is when
it takes 10-20 minutes but it provides good accuracy. Without the LLM we can have
the system do the tracing in <5 minutes but have poorer accuracy.
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We need to have human in the loop for this system.

Use cases

We envision that the final version of the system has two use cases:

1. When guideline managers add a new guideline for a standard it can “quickly”
be mapped onto the requirements from the standard. The author of the guide-
line can get fast feedback on where the system feels that the guideline covers
the requirements.

2. An auditor/manager can get an overview and generate a report of the current
status of guideline coverage regarding a standard, with suggestions on what
is missing and how a greater level of guideline coverage can be reached. This
enables the company to be more mature in their compliance process. Example
IEC 62443 maturity level 2.

Demo and questions

• How do you work with the tracing of guidelines to requirements today? What
does the process look like from writing to tracing?

• Do you want the system to be more pessimistic or more optimistic? I.e do you
want more arrows or less arrow suggestions generated by the system?

• Show what the standard graph looks like, starting with the source node and
tracing it down to clauses, work products, requirements and sub requirements.

– Is this structure an improvement over the last cycle?

– Does this structure make sense to you?

• Show what the guideline graph looks like, and how it is broken down into
headings and subheadings.

– Is this structure an improvement over the last cycle?

– Does this structure make sense to you?

• Illustrate one (or several) traces that the system has made between guideline
sections and requirements.

– Are these traces correct in your opinion? Why/why not?

∗ Are there too many?

∗ Are there too few?

∗ Are they incorrect?
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– Does it make sense to you why the system has made these connections?

Final questions

• Is it clear how the system works?

• Is it clear what part of the compliance process it is trying to automate?

• If the firm was to implement such a tool as a part of its compliance process,
do you think it would:

– Be cost-reducing? Why/why not?

– Be time-reducing? Why/why not?

– Increase the accuracy over the current way of doing it? Why/why not?

– Create value for the firm?

• Have we missed anything in our implementation?

– Are there features that we have missed that you would like to add?

– Are there features you dislike and would like to remove or change?

• Open question: Is there anything anyone would like to add or ask?
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D
Literature Review

The search phrase was input into Web of Science and ACM Digital Library restricted
to work published after 2019, i.e. in the range 2020-2025. The search matched based
on title, abstract and keywords. All works identified were briefly reviewed based on
abstract, and relevant ones were included in the related works section. Table D.1
illustrates the result of the search.

Number of results
Web of Science 165

ACM Digital Library 29
Total (excluding duplicates) 182

Relevant 55

Table D.1: Results of the literature search

In the proceeding sections the most relevant works are briefly presented with regard
to their domain and what part of the compliance process they are trying to solve.
Note that works generally feature a plethora of different NLP-methods for solving the
specific problems, including e.g. dependency parsing, parts-of-speech tagging, etc.
Details regarding these solutions have been omitted for brevity. Four other relevant
works were found as references to the literature search, and were also included in
the literature review. The purpose of this is to illustrate possible research gaps, as
well as present possible solution concepts which have influenced the authors’ design
of the system. Table D.2 shows the different themes and the number of articles and
their references found in each.

D.1 Review Papers
This thesis is not the first to present a literature review on NLP and compliance
automation, as a few other reviews were found in the literature search. However,
these generally focused on a narrower aspect with regard to the domain and/or
problem solved.

Salman et al. [125] for example focuses, a.o., on how LLMs can be used to over-
come some of the current challenges in cybersecurity compliance. In particular,
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Theme Number of
articles

References

Review Papers 4 [125], [126],
[127], [128]

Question-Answering and
Paragraph Location

6 [103], [104],
[105], [106],
[107], [108]

Compliance Checking 27 [84], [85], [86],
[87], [88], [89],
[90], [91], [92],
[129], [130], [31],
[93], [131], [94],
[95], [96], [97],
[98], [99], [100],
[101], [102],
[132], [133],
[134], [135],
[136]

Compliance Structuring 11 [109], [18], [110],
[19], [20], [137],
[111], [112],
[138], [139],
[140]

Compliance Tracing 5 [21], [78], [79],
[83], [141]

Change Management 2 [37], [142]
Compliance Evidence
Generation

3 [80], [81], [82]

Deviation Detection 1 [116]
Regulation Identification 1 [143]

Table D.2: Results of the literature review

the article mentions the challenges: “lack of environmental evidence and coverage”,
“static nature of compliance approaches”, “lack of continuous compliance monitor-
ing” and “human subjectivity”, which LLMs could overcome since they can analyze
unstructured data, continuously and with regard to changes in both regulation and
software, as well as mitigate any factor of human subjectivity. In a similar spirit,
Aberkane et al. [126] presents a systematic mapping study of the current literature
on the intersection of NLP, GDPR and Requirements Engineering (RE). The main
conclusion is that while there is much overlap between NLP and RE, there is less
overlap between NLP and GDPR as well as RE and GDPR. Only one article was
found that overlapped with all three fields.

Ma et al. [127] on the other hand presents a review of various ways in which LLMs
can be applied in food science, with special emphasis on regulatory compliance. With
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regards to regulatory compliance, the paper suggests that LLMs can automate the
analysis and interpretation of regulatory documents, as they excel in parsing and
analyzing and can provide insights on how compliance may be achieved. Specifically,
examples are shown of studies using NLP in classification of pharmaceutical injury
risks with regards to US Food & Drug and Administration documents, language
models for construction of structured knowledge graphs for compliance, and NLP
to facilitate the comparison and alignment of regulatory documents with process
models. Finally, Locatelli et al. [128] presents a scientometric analysis of NLP and
Building Information Modeling (BIM), confirming that much of the current work in
this area concerns automated compliance checking.

D.2 Question-Answering and Paragraph Location

A case in point is Xu et al. [103], which develops a simple paragraph location sys-
tem for compliance checking of annual reports, which is able to reduce the time of
compliance checking with 80% compared to the manual approach. The paper uses
two ML-models, logistic regression and BERT, trained on a manually annotated
dataset. Abualhaija et al. [104], [105] propose similar systems, however as opposed
to simply finding the correct paragraph, the systems also tries to generate an an-
swer to the user’s question by using pre-trained question-answering BERT-models.
In Abualhaija et al. [104], the system is evaluated on four different European regu-
lations, including GDPR and works as a traditional RAG-system. When evaluated
on labeled datasets, the system finds the right paragraph in 94% of the cases and
the right answer with an accuracy of 91%. Abualhaija et al. [105] elaborates on this
system by including a RoBERTa-model for question answering.

In the Internet of Things-security domain, Deldari et al. [106] introduces AuditNet,
a conversational AI-assistant based on RAG- and LLM-technology which allows
security experts to chat with an AI that can directly retrieve related regulations,
standards and policies. The assistant is a regular RAG, with the standards docu-
ments parsed, chunked and embedded in a vector database. The query system is
somewhat unique, as the system uses NLP-methods to extract which policy and
standard the query relates to, and what is the subject of the query. Sofat and Sodhi
[107] also proposes a RAG-system but instead focused on question-answering related
to the compliance of government procurement processes.

Finally, Seong et al. [108] investigates regulatory compliance in the nuclear power
plant domain by developing an NLP-based retriever. The compliance conditions are
essentially requirements presented in tabular form, and are structured as various
thresholds one must comply with, within certain time spans. The proposed solution
takes a user query and does a lookup in a vector database (created using tf-idf) the
most similar cases to the query, to help in decision making when complying.
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D.3 Compliance Checking
Automated compliance checking is, at least according to this literature search, the
most prominent field in the literature. However, it is mostly concentrated to the con-
struction and data privacy domains. The second of these fields will receive a greater
focus in this review, since it is inherently closer related to software engineering.

D.3.1 Construction
Automated compliance checking in the construction field is a major research area.
Much of the work in this field relies on BIM, which is essentially a digital represen-
tation of a building, as well as the fact that the regulations are very clear cut (e.g.
“a door of type X may not be within Y feet of an exhaust of type Z”). A general
pipeline for automated compliance checking is to use some form of traditional NLP
on the given regulation and then convert this into logical rules which can be auto-
matically executed against the BIM. This method, or similar ones, is used in several
of the identified works [84], [85], [86]. A number of works also use ontologies and
knowledge graphs as a middle step between parsing the document and converting it
to logical rules [87], [88], [89], [90], [91], [92].

A more modern approach is presented in Chen et al. [129], which uses one-shot
learning with LLMs for structured information extraction from regulatory texts, by
first finetuning the LLM on a number of annotated examples. After the structured
information has been extracted, compliance checking can be done automatically us-
ing a rule-based algorithm, mapping labels to ontology classes and then executing
queries. In a similar manner Li et al. [130] demonstrates using LLMs for compliance
checking of construction schemes. This method relies on first creating a knowledge
graph of a construction standard by analyzing the hierarchy of the construction
standard and converting this into graph format. The construction scheme can then
be parsed and a BERT-model can be employed to construct cypher statements and
query the knowledge graph. The LLM is responsible for constructing cypher state-
ments and then combining the construction scheme text statements with checking
points in the knowledge graph to infer whether it is compliant or not, achieving an
accuracy of up to 72%.

D.3.2 Data Privacy
In the data privacy and cybersecurity domain, much of the related work regards
the completeness checking of data processing agreements (DPAs), privacy policies
and app permissions against GDPR. This is likely due to the fact that GDPR gives
very clear rules regarding what a DPA or privacy policy must include. For example,
if a privacy policy states that it collects personal data then it must also include a
statement explaining how the user may request the erasure of such data. In fact,
it is accurate to say that any DPA or privacy policy that is complete, i.e. contains
all necessary information as stated in GDPR, and is also easy to read, is compliant.
Thus, completeness checking is nearly equivalent to compliance checking in this
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(albeit niche) domain.

Azeem et al. [31] focuses specifically of completeness checking of DPAs for GDPR,
and formalizes the problem succinctly. The formalization states that each sentence
in the DPA can be classified as covering one or more provisions in GDPR and if
all provisions are covered once all sentences have been classified, then the DPA is
complete. The article uses two methods to accomplish this: one binary classifier
that checks for each provision if a given sentence is compliant, and one multi-class
classifier that checks which provision is covered. The first method allows a single
sentence to cover many provisions, whereas the latter allows each sentence to cover
only one provision. The authors train various BERT-models for this purpose.

Cejas et al. [93] proposes another way of automating compliance checking of DPAs
against GDPR. To create this system, the authors’ first, in cooperation with legal
experts, built “shall” requirements from GDPR and a glossary of legal concepts
in the requirements. The system then checks compliance by first preprocessing
the DPA using a plethora of traditional NLP-techniques and then in a rule-based
manner compute the number of overlapping words with the GDPR requirements to
determine compliance. When evaluated on a dataset of 30 actual DPAs, the system
had a precision of 89% and recall of 82%. The result can however be improved
with manual verification. In a similar fashion, Shen et al. [131] presents a two-step
system: First, text classification is carried out on each sentence of the DPA. That is,
each sentence is labeled related to GDPR as e.g. “personal data collection”, “purpose
of personal data”, etc. This labeling is done using an LSTM-network and BERT,
which have been trained on a manually annotated dataset. Once the sentences in
the policy have been labeled, it can determined whether they are compliant with
the main requirements of GDPR by checking them against predetermined rules (e.g.
“if label A exists in the policy, then label B must also be present”).

As for privacy policies, there are a number of works. Cejas et al. [94] proposes a
system that, given a privacy policy, is able semantically analyze its content and,
with some input from the user, determine any potential incompleteness violations
with an accuracy of 96%. The system is based on a traditional ML-approach where
a model has been trained to determine which information type a sentence contains
(e.g. “right to access”, “right to erasure”, etc.), and then rule-based checking al-
lows compliance to be determined. Aberkane et al. [95] uses a somewhat simpler
approach to determine if privacy policies are compliant with GDPR. The system
is trained on a dataset consisting of around 18 000 sentences labeled according to
five GDPR requirements. Once the model is trained, a threshold can be computed
for determining how many true positive sentences predicted are necessary for the
privacy policy as a whole to be considered compliant. Hamdani et al. [96] proposes
a roughly equivalent approach, and Liu et al. [97] also illustrates a very similar
approach, however with 10 labels and focusing only on Article 13 in GDPR, us-
ing manually created rules to determine which labels are required for compliance.
Similarly, Torre et al. [98] introduces a conceptual model to help with compliance
checking by defining and specifying metadata pertinent to GDPR in privacy poli-
cies and tracing these metadata to articles of GDPR. For evaluating the system, the
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authors define completeness criteria, e.g. “metadata types X and Y must be present
for the privacy policy to be compliant” etc. The solution could detect 45 out of 47
incompleteness issues, with a precision of 85% and recall of 96%.

Privacy policies have also been investigated by John et al. [99] which uses tradi-
tional deep learning algorithms, specifically LSTM, GRU and other neural networks
to classify companies’ privacy policies with regards to five core requirements of data
protection regulations. Based on a large labeled dataset, the authors simply trained
these different algorithms to classify privacy policies as compliant or not with re-
gard to the five core requirements, which were manually created. The best average
accuracy was achieved by the LSTM model which achieved an F1-score of 0.76-
0.85% on the different requirements. Akanfe et al. [100] similarly examines the
privacy policies of financial apps and analyzes them using text categorization and
topic modeling to create privacy policy compliance scores. The compliance score
part works by using first using tf-idf and latent Dirichlet allocations to extract 10
latent topics with 30 words each. The topics were then labeled manually into 10
data privacy dimensions. An aggregate compliance score can then be created by
computing the number of data privacy dimension words that are present, divided
by the total number of words in a privacy policy.

App permissions, especially Android permissions, have also been the subject of many
works in GDPR compliance automation. McConkey and Olukoya [101] presents
a method to evaluate the completeness of Android permissions against articles of
GDPR, and evaluates it using six different NLP-algorithms. The method works by
simply computing the cosine similarity between different parts of the permissions
and different articles of GDPR and then greater cosine similarity between two parts
indicate greater compliance. Based on this, it was determined that BERT generally
performed the best. Moreover, Rahman et al. [102] introduces what they refer to as
“PermPress”, an automated system for evaluating the completeness of an Android
app’s permissions. To develop this system, privacy policies were first annotated
manually to create a dataset which maps privacy policy provisions to permissions.
Then, various ML approaches were used to predict permissions in a number of
annotated privacy policies. Finally, an ML model, specifically a decision tree, was
given these annotated datasets and trained to determine if they were complete or
not.

There are a few works in the data privacy domain that do not focus on DPAs, pri-
vacy policies or app permissions. For example, Zheng et al. [132] introduces an
NLP-based tool that extracts rules from RFC documents and assesses their compli-
ance with RFC specifications. RFC 20119 stipulates that all rules most use certain
keywords i.e. “MUST”, “SHALL” and so on when a requirement is specified. Thus,
NLP can be used to retrieve paragraphs containing these keywords and the seman-
tics of these sentences can then be analyzed to create logical rules which can in turn
be turned into test cases with assertions to check compliance. Zhao et al. [133]
instead introduces a method for using NLP to analyze whether third-party libraries
comply with privacy-related regulations. The system first identifies the third-party
libraries data usage algorithmically, and then NLP is used to determine what data
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usage is declared in the privacy policy. The system then checks whether the data us-
age identified is clearly stated in the privacy policy. Finally, Yan et al. [134] focuses
on determining whether the Android OS complies with the documented changes in
its privacy policy using few-shot prompting and LLMs. A first preprocessing step
is required, which is that an ontology must first be manually created based on the
documented privacy changes. The ontology can however be populated automatically
using rule-based patterns in the text, using tags and Regex. The proposed system
then uses an LLM (GPT-4) to generate test cases based on the extracted ontologies,
using simple prompts.

D.3.3 Other
Besides construction and data privacy, two other fields attempted to automate com-
pliance checking.

Lv et al. [135] proposes a system to analyze a program’s compliance with so-called
integrations assumptions, i.e. constraints that a program should comply with when
making calls to library APIs. In very broad terms, the proposed system works by first
extracting the integration assumptions from various documents using a pre-trained
GRU neural network, which is fine-tuned on a manually annotated dataset. To
then interpret the discovered integration assumptions, traditional NLP-techniques
are used. To finally discover whether the integration assumptions are violated or
not the integrations assumptions are first broken into smaller components (creating
a tree) which could then be manually mapped to verification code snippets. Sher-
chan et al. [136] instead explores compliance checking of financial advice against
government regulations. The proposed solution is a simple NLP and ML-system
which gives a traffic light indication of whether a piece of personal financial advice
is compliant with a given regulation according to a number of indicators. With
regard to each indicator, a different NLP and ML approach is taken to ensure that
the given indicator has been satisfied.

D.4 Compliance Structuring
A number of works focus on processing the regulation into format which is easier to
interpret. These solutions do not directly automate compliance checking, but speeds
up the process as a whole. Generally, popular methods include using knowledge
graphs and ontologies.

D.4.1 Knowledge Graphs and Ontologies for Compliance
Structuring

A number of works structure the compliance process as an ontology or a knowledge
graph, which is confirmed by Kotal et al. [109]. A knowledge graph-based approach
applied to Building Information Modeling (BIM) is presented in Kruiper et al. [18].
Loosely, the system uses traditional NLP-methods to annotate words in regulatory
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text as “object”, “action”, “functional”, etc. and then a knowledge graph is gen-
erated based on these annotations. Information can then be retrieved from this
knowledge graph.

With regards to ontologies, one example is Javed et al. [110] using ontology-based
NLP for process compliance management, which is applied in the space software
engineering field. The standard is first preprocessed for the purpose of extracting
basic syntactic features. Based on these features a manually designed ontology is
populated. Second, the standard is used to manually populate the ontology, based on
three main categories: “process”, “stakeholders” and “work products”. Third, the
processed standard and ontology are matched together by extracting information
from the processed standard and combining it with the ontology, the processes and
requirements which can be used to generate requirements, processes and mappings
in an algorithmic manner. Finally, inconsistencies and gaps between the standard
and the requirements and mappings can be identified.

An approach for assessing if a privacy policy is compliant with GDPR is investigated
by Elluri et al. [19]. The method uses traditional NLP-methods to extract entities
from a privacy policy which are used to populate a knowledge graph. After that, an
ML-model was applied to determine if a given GDPR class exists within a privacy
policy. A BERT-model was finally used to summarize the text regarding the identi-
fied class. A similar approach is introduced by Hua et al. [20]. The paper presents
a two stage compliance framework that utilities LLMs and NLI-models. Essentially,
corporate policies and related regulatory texts are retrieved using word embeddings
and an NLI-model are used to determine if the two documents are contradictory or
not. The contradicting corporate regulations and regulatory texts are then fed into
a LLM to extract a deeper analysis.

Abolhasani and Pan [137] have developed a framework built with LLMs that first
extracts an ontology based on inputs from the user which the system also confirms
with the user. After the ontology is confirmed by the user, the system requires some
legislation or other text and populates the knowledge graph based on the generated
ontology and the provided text.

D.4.2 Other Methods in Compliance Structuring
Zhou et al. [111] further emphasizes that interpreting and processing the regulatory
text into a computer-readable format is often the most vital and complex stage in
automated compliance checking. To solve this, the regulatory text is preprocessed
by selecting relevant sentences, text cleaning and splitting. Then, the words in the
preprocessed sentences are labeled as objects, propositions and relations of various
kinds and parsed into a syntactic tree. Once the tree has been constructed for each
sentence, language specific rules and executable rules can be created.

Similarly, Xue and Zhang [112] presents a method to convert building codes into
computable representations using traditional NLP-methods. Song et al. [138], pro-
pose a similar solution, using deep learning models to extract predicate-argument
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structures from building design rules at the sentence level. Also, Hassan et al. [139]
proposes a framework which helps with information extraction from scope of work
requirements (i.e. contractual obligations) in the construction industry. In essence,
the paper proposes chunking the natural language scope of word requirements and
then using traditional NLP-methods to create annotated rules that are easier to
follow. Da Silva Amaral and De Lima Neto [140] takes a rather different NLP ap-
proach, using topic modeling on European laws and similar documents to find topics
to help with information extraction with regard to the compliance process.

D.5 Compliance Tracing

Apart from structuring the regulations, a number of works also focus on trac-
ing/mapping various policies and requirements to the regulation. This is often
necessary to prove compliance and valuable as a tool in the compliance process.

One important concept in compliance tracing is crosswalking. Agarwal et al. [21]
focuses on developing a semi-automated AI-driven approach for creating crosswalks,
i.e. mappings between regulations, policies and requirements. The goal is to take
a source document and map these to a set of target documents, such that all re-
quirements mentioned in the source control are covered by the text of the target
controls, without including any irrelevant controls. The paper takes a supervised
ML approach and fine-tunes a BERT-model on pairs of matching and non-matching
control pairs which then must be verified manually. The mappings are stored and
presented in a graph database. It should be noted that to map the controls, all
possible mappings (i.e. all pairs) are evaluated. Recall achieved is somewhere in the
range 78-83% depending on how much manual intervention one requires.

In the cybersecurity domain, Turtiainen and Costin [78] focuses specifically on au-
tomation of mapping Common Weakness Enumerations (CWEs) to Common Vul-
nerabilities and Exposures (CVEs) using NLP. The system uses a labeled dataset
which maps CWEs to CVEs to fine-tune BERT-models, achieving accuracies in the
range 89-98% depending on the model used. Ameri et al. [79] present a methodol-
ogy and an algorithm that, using NLP, automatically identifies cybersecurity-related
claims in industrial control systems documents. In short, the proposed method takes
as input a list of cybersecurity requirements (standards) and a list of vendor-supplied
features (specifications and claims) and then compares the features to the require-
ments to find matches, extended features and violations. This is done by first using
a fine-tuned BERT model to detect claims in the vendor supplied features in a
multi-classification task.

Although not quite tracing, reference resolution is a conceptually related activity.
Rahmani et al. [83] present an NLP-based system which automatically extracts
cross-references from project contracts in software engineering and summarizes them
for stakeholders. The proposed solution is fairly simple and finds cross-references
based on textual and grammatical patterns, which can thus be extracted using
Regex.
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Finally, and in a rather unrelated field, Arora et al. [141] presents a framework
for using LLMs for ensuring that the product specifications of assistive technologies
are compliant with standards. In essence the system works by inputting both the
standard and product specification, then cleaning, chunking and tokenizing the text
and identifying products and categorizes using traditional NLP-methods. Then,
keywords from the standard and the product specification are matched against each
other based on embeddings and the keywords are compared based on their string
similarities against certain thresholds. Finally, a RAG-based LLM gets a hierarchical
overview of the standard which is retrieved based on the input product specification,
and the LLM then classifies the product into different categories.

D.6 Change Management
One interesting and less explored aspect of compliance is that of change manage-
ment, i.e. dealing with the evolving dynamic nature of both normative requirements
and firm policies. Only two works were found trying to automate parts of this chal-
lenge.

Tupsamudre et al. [37] proposes a concept, referred to as “live crosswalks”, and
a system for managing the aforementioned changes using AI, demonstrated in the
cybersecurity domain. The paper suggests that mappings can be created that can
trace all the way from regulations, via standards, to requirements and finally code
implementations. This is done by assuming that each document X contains a set of
technical requirements {x1, ..., xn} which in turn can be mapped to a document Y
lower in the hierarchy of documents, with its own technical requirements. The paper
does not focus on how these mappings are created, instead it focuses on detecting
changes in one document and how these changes propagate through the hierarchy
of documents. Change detection is done using an alignment algorithm with the
Jaccard index to see how much a technical requirement has changed.

Abualhaija et al. [142] focuses on analyzing the changes in regulatory requirements
using AI, and the effect this will have on the subsequent software requirements. The
proposed system uses GPTs for this task. Changes between pairs of sentences in
different versions of the same regulation are first detected and then fed into an LLM
which identifies the textual changes. Then, the pairs of sentences and paragraphs
are, via a human analyst, fed into the LLM via a customized prompt to analyze the
semantic and deontic changes. Evaluated on a labeled dataset, the system is able to
identify textual changes with a precision of 87.8% and recall of 93.5%. The system
used GPT-4 as an LLM.

D.7 Compliance Evidence Generation
An important part in staying compliant with regulations is generally also to generate
evidence of said compliance. A number of works in the literature has attempted
to automate this part of the compliance process. This problem in particular has
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garnered much attention with regard to using generative AI, in particular GPTs.

In the field of GDPR compliance, KC et al. [80], focuses on record of processing ac-
tivities compliance. This requirement essentially states that details regarding data
processing activities, e.g. what type of data is handled and why, must be recorded.
KC et al. [80] propose a way to use LLMs and few-shot learning to generate seg-
ments of records of processing activities based on user-authored usage scenarios.
The authors’ collected usage scenarios, manually broke them down into records of
data processing activities, and then used this data as few-shot learning input and
evaluation of the system. Similarly, and with regard to privacy policies, Rodriguez
et al. [81] proposes a method for using LLMs to extract privacy practices from
privacy policies. In essence, the paper uses both few-shot learning and zero-shot
learning with an LLM to extract whether or not a privacy policy affirms that it will
extract certain types of personal data, making it essentially several binary classifi-
cation tasks in one. Using a labeled data set, the authors are able to demonstrate
that the system achieves an F1-score around 93%.

Continuing in the field of software engineering, Khakzad Shahandashti et al. [82]
focuses on the automation of defeaters for assurance cases, i.e. structured arguments
that allow one to determine if a systems non-functional requirements have been cor-
rectly implemented. Defeaters are essentially arguments that challenge the assurance
cases, which is a necessary step for ensuring the assurance cases are robust. The
proposed method uses an LLM to identify and mitigate defeaters in assurance cases
using chain-of-thought prompting, with an expert human-in-the-loop to enhance the
reliability.

D.8 Deviation Detection

Companies rarely work directly against external regulatory requirements. Instead,
they are transformed into internal requirements, such as policies or guidelines. De-
tecting deviations between external and internal requirements thus becomes an im-
portant issue, as explored in Sai et al. [116] with regards to process compliance. The
proposed system takes as input both the regulatory document and the company’s
realization. Both documents are parsed, preprocessed and filtered. Then, map-
pings are introduced between the constraints in the regulatory documents and the
realization, referred to as “constraint coverage”, using word embeddings and cosine
similarity. These must inspected manually. In a second step, what deviations are
found can be characterized using traditional NLP-methods by breaking sentences
down into parts, and depending on which part is the most dissimilar the deviation
can be determined. The method is evaluated both on GDPR and ISO 27001. The
system achieved an overall deviation detection accuracy of 55%.
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D.9 Regulation Identification
Finally, one paper focused on the problem of regulation identification. That is,
determining which regulatory requirements an organization must comply with. Sai
et al. [143] compares different AI-driven solutions for this task. The paper proposes
that there are three ways of solving this problem, namely manual, fully automated
using a GPT and semi-automated using embeddings and traditional ML-methods.
None of the two latter methods outperform manual analysis, however, in general
the LLM-method outperforms the semi-automated method with the caveat that it
is less transparent.
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E
Full Results from Factorial

Experiments in Cycle 3

E.1 Factorial Experiments (Embeddings)

E.1.1 Normal
Embedding Threshold Accuracy Recall Specificity Precision F1-score
BERT (ISO) 0.9 0,880413704 0,050632911 0,974802016 0,186046512 0,07960199
BERT (ISO) 0.85 0,829347123 0,094936709 0,912886969 0,110294118 0,102040816
BERT (ISO) 0.8 0,745959922 0,170886076 0,81137509 0,093425606 0,120805369
BERT (ISO) 0.75 0,634130575 0,278481013 0,674586033 0,088709677 0,134556575
BERT (ISO) 0.7 0,511312217 0,430379747 0,520518359 0,092643052 0,152466368
BERT (ISO) 0.65 0,405300582 0,64556962 0,377969762 0,105590062 0,181494662
BERT (ISO) 0.6 0,319974144 0,734177215 0,272858171 0,103019538 0,180685358
BERT (ISO) 0.55 0,255979315 0,797468354 0,194384449 0,101204819 0,17961511
BERT (ISO) 0.5 0,212669683 0,867088608 0,138228942 0,102698651 0,183646113
BERT (ISO) 0.45 0,187459599 0,911392405 0,105111591 0,103821197 0,186407767
BERT (ISO) 0.4 0,159017453 0,936708861 0,070554356 0,102849201 0,185347527
BERT (ISO) 0.35 0,138978668 0,96835443 0,044636429 0,103378378 0,186813187
BERT (ISO) 0.3 0,12605042 0,974683544 0,029517639 0,10252996 0,185542169
BERT (ISO) 0.25 0,120232708 0,981012658 0,022318215 0,102445473 0,185517654
Instructor-XL 0.9 0,895927602 0,006329114 0,99712023 0,2 0,012269939
Instructor-XL 0.85 0,894634777 0,025316456 0,993520518 0,307692308 0,046783626
Instructor-XL 0.8 0,892049127 0,056962025 0,987041037 0,333333333 0,097297297
Instructor-XL 0.75 0,879120879 0,094936709 0,968322534 0,254237288 0,138248848
Instructor-XL 0.7 0,851325145 0,151898734 0,930885529 0,2 0,172661871
Instructor-XL 0.65 0,813186813 0,272151899 0,874730022 0,198156682 0,229333333
Instructor-XL 0.6 0,769877182 0,373417722 0,814974802 0,186708861 0,248945148
Instructor-XL 0.55 0,698771816 0,518987342 0,719222462 0,173728814 0,26031746
Instructor-XL 0.5 0,623787977 0,670886076 0,618430526 0,166666667 0,267002519
Instructor-XL 0.45 0,548804137 0,803797468 0,519798416 0,159949622 0,266806723
Instructor-XL 0.4 0,462184874 0,82278481 0,421166307 0,139186296 0,238095238
Instructor-XL 0.35 0,379444085 0,905063291 0,319654428 0,131433824 0,22953451
Instructor-XL 0.3 0,28959276 0,936708861 0,215982721 0,119644301 0,21218638
Instructor-XL 0.25 0,226244344 0,96835443 0,141828654 0,113754647 0,203592814
LegalBERT 0.9 0,551389787 0,696202532 0,534917207 0,145502646 0,240700219
LegalBERT 0.85 0,47188106 0,765822785 0,438444924 0,134295228 0,228517469
LegalBERT 0.8 0,425339367 0,82278481 0,38012959 0,131180626 0,226283725
LegalBERT 0.75 0,395604396 0,841772152 0,344852412 0,127516779 0,221482098
LegalBERT 0.7 0,365869425 0,873417722 0,308135349 0,125568699 0,219570406
LegalBERT 0.65 0,327731092 0,911392405 0,261339093 0,123076923 0,21686747
LegalBERT 0.6 0,296056884 0,917721519 0,225341973 0,118755119 0,210297317
LegalBERT 0.55 0,256625727 0,936708861 0,179265659 0,114906832 0,204702628
LegalBERT 0.5 0,215901745 0,949367089 0,132469402 0,110701107 0,19828156
LegalBERT 0.45 0,186813187 0,949367089 0,100071994 0,107142857 0,192554557
LegalBERT 0.4 0,165481577 0,96835443 0,074154068 0,106323836 0,191609267
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E. Full Results from Factorial Experiments in Cycle 3

Embedding Threshold Accuracy Recall Specificity Precision F1-score
LegalBERT 0.35 0,153846154 0,96835443 0,061195104 0,105010295 0,189473684
LegalBERT 0.3 0,142857143 0,993670886 0,046076314 0,105937922 0,191463415
LegalBERT 0.25 0,135746606 1 0,037437005 0,105685619 0,191167574
BERT (ISO+R155) 0.9 0,869424693 0,063291139 0,96112311 0,15625 0,09009009
BERT (ISO+R155) 0.85 0,771816419 0,221518987 0,834413247 0,132075472 0,165484634
BERT (ISO+R155) 0.8 0,580478345 0,436708861 0,596832253 0,109697933 0,175349428
BERT (ISO+R155) 0.75 0,378797673 0,664556962 0,346292297 0,103652517 0,179333903
BERT (ISO+R155) 0.7 0,244343891 0,816455696 0,179265659 0,101654846 0,180798879
BERT (ISO+R155) 0.65 0,1822883 0,917721519 0,098632109 0,103793844 0,186495177
BERT (ISO+R155) 0.6 0,146089205 0,962025316 0,053275738 0,103612815 0,187076923
BERT (ISO+R155) 0.55 0,126696833 0,974683544 0,030237581 0,102598268 0,185654008
BERT (ISO+R155) 0.5 0,120232708 0,993670886 0,02087833 0,103493738 0,187462687
BERT (ISO+R155) 0.45 0,111182935 1 0,010079194 0,103065884 0,186871674
BERT (ISO+R155) 0.4 0,10730446 1 0,005759539 0,102664068 0,186210961
BERT (ISO+R155) 0.35 0,106011635 1 0,004319654 0,102530824 0,18599176
BERT (ISO+R155) 0.3 0,104718811 1 0,00287977 0,102397926 0,185773075
BERT (ISO+R155) 0.25 0,103425986 1 0,001439885 0,102265372 0,185554903
BGE-M3 0.9 0,888170653 0,03164557 0,985601152 0,2 0,054644809
BGE-M3 0.85 0,882999354 0,088607595 0,973362131 0,274509804 0,133971292
BGE-M3 0.8 0,862314156 0,189873418 0,938804896 0,260869565 0,21978022
BGE-M3 0.75 0,809308339 0,291139241 0,86825054 0,200873362 0,237726098
BGE-M3 0.7 0,743374273 0,455696203 0,776097912 0,187989556 0,266173752
BGE-M3 0.65 0,642533937 0,626582278 0,644348452 0,166947723 0,263648469
BGE-M3 0.6 0,5468649 0,765822785 0,521958243 0,154140127 0,256627784
BGE-M3 0.55 0,455074337 0,835443038 0,411807055 0,139093783 0,238482385
BGE-M3 0.5 0,363283775 0,898734177 0,30237581 0,127812781 0,223798266
BGE-M3 0.45 0,27343245 0,936708861 0,197984161 0,117274168 0,208450704
BGE-M3 0.4 0,210730446 0,962025316 0,125269978 0,111192392 0,199344262
BGE-M3 0.35 0,170006464 0,987341772 0,077033837 0,108484006 0,195488722
BGE-M3 0.3 0,142857143 1 0,045356371 0,106469003 0,192448234
BGE-M3 0.25 0,124757595 1 0,025197984 0,104497354 0,189221557

Table E.1: Experiments with max-min normalized threshold

Embedding Threshold Accuracy Recall Specificity Precision F1-score
BERT (ISO) 2.0 0,897866839 0,006329114 0,999280058 0,5 0,0125
BERT (ISO) 1.75 0,893988365 0,012658228 0,994240461 0,2 0,023809524
BERT (ISO) 1.5 0,884938591 0,044303797 0,980561555 0,205882353 0,072916667
BERT (ISO) 1.25 0,846800259 0,088607595 0,933045356 0,130841121 0,105660377
BERT (ISO) 1.0 0,793148028 0,14556962 0,866810655 0,110576923 0,12568306
BERT (ISO) 0.75 0,712346477 0,196202532 0,771058315 0,088825215 0,122287968
BERT (ISO) 0.5 0,619909502 0,284810127 0,658027358 0,086538462 0,132743363
BERT (ISO) 0.25 0,526179703 0,405063291 0,539956803 0,091038407 0,148664344
BERT (ISO) 0.0 0,441499677 0,563291139 0,427645788 0,100678733 0,170825336
BERT (ISO) -0.25 0,355526826 0,67721519 0,318934485 0,101614435 0,17671346
BERT (ISO) -0.5 0,296703297 0,740506329 0,246220302 0,100515464 0,177004539
BERT (ISO) -0.75 0,253393665 0,803797468 0,190784737 0,101518785 0,180269695
BERT (ISO) -1.0 0,21719457 0,85443038 0,144708423 0,102040816 0,182309251
BERT (ISO) -1.25 0,199095023 0,905063291 0,118790497 0,104608632 0,187540984
Instructor-XL 2.0 0,892049127 0,056962025 0,987041037 0,333333333 0,097297297
Instructor-XL 1.75 0,881706529 0,094936709 0,971202304 0,272727273 0,14084507
Instructor-XL 1.5 0,863606981 0,132911392 0,946724262 0,221052632 0,166007905
Instructor-XL 1.25 0,832579186 0,221518987 0,902087833 0,204678363 0,212765957
Instructor-XL 1.0 0,794440853 0,310126582 0,849532037 0,189922481 0,235576923
Instructor-XL 0.75 0,744020685 0,424050633 0,780417567 0,180107527 0,252830189
Instructor-XL 0.5 0,684550743 0,556962025 0,699064075 0,173913043 0,265060241
Instructor-XL 0.25 0,618616677 0,696202532 0,609791217 0,168711656 0,271604938
Instructor-XL 0.0 0,553329024 0,803797468 0,524838013 0,1613723 0,268783069
Instructor-XL -0.25 0,475759535 0,816455696 0,43700504 0,141602634 0,241347053
Instructor-XL -0.5 0,407239819 0,886075949 0,352771778 0,134744947 0,233918129
Instructor-XL -0.75 0,332902392 0,924050633 0,265658747 0,125214408 0,220543807
Instructor-XL -1.0 0,270200388 0,962025316 0,19150468 0,119215686 0,212142359
Instructor-XL -1.25 0,209437621 0,974683544 0,122390209 0,112163146 0,201175702
LegalBERT 2.0 0,897866839 0 1 nan nan
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E. Full Results from Factorial Experiments in Cycle 3

Embedding Threshold Accuracy Recall Specificity Precision F1-score
LegalBERT 1.75 0,897866839 0 1 nan nan
LegalBERT 1.5 0,897866839 0 1 nan nan
LegalBERT 1.25 0,897866839 0 1 nan nan
LegalBERT 1.0 0,897866839 0 1 nan nan
LegalBERT 0.75 0,722042663 0,455696203 0,752339813 0,173076923 0,25087108
LegalBERT 0.5 0,550096962 0,696202532 0,533477322 0,145118734 0,240174672
LegalBERT 0.25 0,468648998 0,784810127 0,432685385 0,135964912 0,231775701
LegalBERT 0.0 0,416289593 0,82278481 0,370050396 0,129353234 0,223559759
LegalBERT -0.25 0,387201034 0,85443038 0,334053276 0,127358491 0,221674877
LegalBERT -0.5 0,352294764 0,886075949 0,291576674 0,12455516 0,218408736
LegalBERT -0.75 0,314802844 0,917721519 0,246220302 0,121644295 0,214814815
LegalBERT -1.0 0,275371687 0,930379747 0,200863931 0,116945107 0,207773852
LegalBERT -1.25 0,227537169 0,949367089 0,145428366 0,112191473 0,200668896
BERT (ISO+R155) 2.0 0,895281189 0,025316456 0,994240461 0,333333333 0,047058824
BERT (ISO+R155) 1.75 0,889463478 0,044303797 0,985601152 0,259259259 0,075675676
BERT (ISO+R155) 1.5 0,879120879 0,056962025 0,972642189 0,191489362 0,087804878
BERT (ISO+R155) 1.25 0,855850032 0,094936709 0,942404608 0,157894737 0,118577075
BERT (ISO+R155) 1.0 0,819004525 0,164556962 0,893448524 0,149425287 0,156626506
BERT (ISO+R155) 0.75 0,767291532 0,221518987 0,82937365 0,128676471 0,162790698
BERT (ISO+R155) 0.5 0,703296703 0,291139241 0,750179986 0,117048346 0,166969147
BERT (ISO+R155) 0.25 0,624434389 0,379746835 0,652267819 0,110497238 0,171184023
BERT (ISO+R155) 0.0 0,550743374 0,481012658 0,558675306 0,11030479 0,179456907
BERT (ISO+R155) -0.25 0,484809308 0,563291139 0,475881929 0,108935129 0,182564103
BERT (ISO+R155) -0.5 0,405946994 0,639240506 0,379409647 0,104880582 0,180196253
BERT (ISO+R155) -0.75 0,366515837 0,708860759 0,327573794 0,10707457 0,186046512
BERT (ISO+R155) -1.0 0,335488041 0,772151899 0,285817135 0,10951526 0,191823899
BERT (ISO+R155) -1.25 0,308985133 0,791139241 0,254139669 0,107665805 0,189537528
BGE-M3 2.0 0,888817065 0,03164557 0,986321094 0,208333333 0,054945055
BGE-M3 1.75 0,885585003 0,069620253 0,978401728 0,268292683 0,110552764
BGE-M3 1.5 0,87136393 0,120253165 0,956803456 0,240506329 0,160337553
BGE-M3 1.25 0,853910795 0,215189873 0,926565875 0,25 0,231292517
BGE-M3 1.0 0,806076277 0,297468354 0,863930886 0,199152542 0,23857868
BGE-M3 0.75 0,753716871 0,424050633 0,791216703 0,18767507 0,260194175
BGE-M3 0.5 0,672268908 0,582278481 0,6825054 0,17260788 0,266280753
BGE-M3 0.25 0,609566904 0,708860759 0,598272138 0,167164179 0,270531401
BGE-M3 0.0 0,521654816 0,778481013 0,492440605 0,148550725 0,249492901
BGE-M3 -0.25 0,45572075 0,835443038 0,412526998 0,139240506 0,238698011
BGE-M3 -0.5 0,383968972 0,886075949 0,326853852 0,130232558 0,227088402
BGE-M3 -0.75 0,30833872 0,911392405 0,239740821 0,12 0,212076583
BGE-M3 -1.0 0,248868778 0,949367089 0,169186465 0,115030675 0,205198358
BGE-M3 -1.25 0,205559147 0,96835443 0,118790497 0,111111111 0,199348534

Table E.2: Experiments with Z-score threshold

Embedding Threshold Accuracy Recall Specificity Precision F1-score
BERT (ISO) 1 0,855850032 0,082278481 0,943844492 0,142857143 0,104417671
BERT (ISO) 2 0,803490627 0,113924051 0,881929446 0,098901099 0,105882353
BERT (ISO) 3 0,755009696 0,164556962 0,822174226 0,095238095 0,120649652
BERT (ISO) 4 0,706528765 0,215189873 0,762419006 0,093406593 0,130268199
BERT (ISO) 5 0,658047835 0,265822785 0,702663787 0,092307692 0,137030995
BERT (ISO) 6 0,60310278 0,284810127 0,639308855 0,082417582 0,127840909
BERT (ISO) 7 0,553329024 0,329113924 0,578833693 0,081632653 0,13081761
BERT (ISO) 8 0,504848093 0,379746835 0,519078474 0,082417582 0,135440181
BERT (ISO) 9 0,458952812 0,443037975 0,460763139 0,085470085 0,143295803
BERT (ISO) 10 0,428571429 0,582278481 0,411087113 0,101098901 0,172284644
BERT (ISO) 11 0,389140271 0,67721519 0,35637149 0,106893107 0,184641933
BERT (ISO) 12 0,353587589 0,791139241 0,303815695 0,114468864 0,2
BERT (ISO) 13 0,308985133 0,860759494 0,246220302 0,114961961 0,202833706
BERT (ISO) 14 0,257918552 0,898734177 0,185025198 0,111459969 0,198324022
Instructor-XL 1 0,872656755 0,164556962 0,953203744 0,285714286 0,208835341
Instructor-XL 2 0,826761474 0,227848101 0,894888409 0,197802198 0,211764706
Instructor-XL 3 0,783451842 0,303797468 0,838012959 0,175824176 0,222737819
Instructor-XL 4 0,749191984 0,424050633 0,786177106 0,184065934 0,256704981
Instructor-XL 5 0,714932127 0,544303797 0,734341253 0,189010989 0,280587276
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E. Full Results from Factorial Experiments in Cycle 3

Embedding Threshold Accuracy Recall Specificity Precision F1-score
Instructor-XL 6 0,680672269 0,664556962 0,6825054 0,192307692 0,298295455
Instructor-XL 7 0,642533937 0,765822785 0,628509719 0,189952904 0,304402516
Instructor-XL 8 0,60051713 0,848101266 0,572354212 0,184065934 0,30248307
Instructor-XL 9 0,553329024 0,905063291 0,513318934 0,174603175 0,292732856
Instructor-XL 10 0,500969619 0,936708861 0,451403888 0,162637363 0,277153558
Instructor-XL 11 0,442146089 0,936708861 0,385889129 0,147852148 0,25539258
Instructor-XL 12 0,385908209 0,949367089 0,321814255 0,137362637 0,24
Instructor-XL 13 0,32967033 0,962025316 0,257739381 0,128486898 0,226696495
Instructor-XL 14 0,272139625 0,96835443 0,192944564 0,120094192 0,213687151
LegalBERT 1 0,855850032 0,082278481 0,943844492 0,142857143 0,104417671
LegalBERT 2 0,812540401 0,158227848 0,886969042 0,137362637 0,147058824
LegalBERT 3 0,76664512 0,221518987 0,828653708 0,128205128 0,162412993
LegalBERT 4 0,741435036 0,386075949 0,781857451 0,167582418 0,233716475
LegalBERT 5 0,707175178 0,506329114 0,730021598 0,175824176 0,261011419
LegalBERT 6 0,667744021 0,601265823 0,675305976 0,173992674 0,269886364
LegalBERT 7 0,620555915 0,658227848 0,616270698 0,163265306 0,26163522
LegalBERT 8 0,572074984 0,708860759 0,556515479 0,153846154 0,25282167
LegalBERT 9 0,523594053 0,759493671 0,496760259 0,146520147 0,245649949
LegalBERT 10 0,473820297 0,803797468 0,436285097 0,13956044 0,237827715
LegalBERT 11 0,422753717 0,841772152 0,375089993 0,132867133 0,229508197
LegalBERT 12 0,374272786 0,892405063 0,315334773 0,129120879 0,2256
LegalBERT 13 0,325791855 0,943037975 0,255579554 0,125950972 0,222222222
LegalBERT 14 0,269553975 0,955696203 0,19150468 0,118524333 0,210893855
BERT (ISO+R155) 1 0,862314156 0,113924051 0,947444204 0,197802198 0,144578313
BERT (ISO+R155) 2 0,81512605 0,170886076 0,888408927 0,148351648 0,158823529
BERT (ISO+R155) 3 0,770523594 0,240506329 0,830813535 0,139194139 0,176334107
BERT (ISO+R155) 4 0,715578539 0,259493671 0,767458603 0,112637363 0,157088123
BERT (ISO+R155) 5 0,668390433 0,316455696 0,708423326 0,10989011 0,163132137
BERT (ISO+R155) 6 0,618616677 0,360759494 0,647948164 0,104395604 0,161931818
BERT (ISO+R155) 7 0,570135747 0,411392405 0,588192945 0,102040816 0,163522013
BERT (ISO+R155) 8 0,521654816 0,462025316 0,528437725 0,100274725 0,164785553
BERT (ISO+R155) 9 0,475759535 0,525316456 0,47012239 0,101343101 0,169907881
BERT (ISO+R155) 10 0,424692954 0,563291139 0,408927286 0,097802198 0,166666667
BERT (ISO+R155) 11 0,382676147 0,64556962 0,352771778 0,101898102 0,176013805
BERT (ISO+R155) 12 0,334195217 0,696202532 0,293016559 0,100732601 0,176
BERT (ISO+R155) 13 0,298642534 0,810126582 0,240460763 0,108199493 0,190902312
BERT (ISO+R155) 14 0,256625727 0,892405063 0,184305256 0,110675039 0,196927374
BGE-M3 1 0,882999354 0,215189873 0,958963283 0,373626374 0,273092369
BGE-M3 2 0,848739496 0,335443038 0,90712743 0,291208791 0,311764706
BGE-M3 3 0,806722689 0,417721519 0,850971922 0,241758242 0,306264501
BGE-M3 4 0,763413058 0,493670886 0,794096472 0,214285714 0,298850575
BGE-M3 5 0,725274725 0,594936709 0,740100792 0,206593407 0,306688418
BGE-M3 6 0,679379444 0,658227848 0,681785457 0,19047619 0,295454545
BGE-M3 7 0,639948287 0,753164557 0,627069834 0,186813187 0,299371069
BGE-M3 8 0,588881707 0,791139241 0,56587473 0,171703297 0,282167043
BGE-M3 9 0,540400776 0,841772152 0,50611951 0,162393162 0,272262027
BGE-M3 10 0,49062702 0,886075949 0,445644348 0,153846154 0,262172285
BGE-M3 11 0,443438914 0,943037975 0,386609071 0,148851149 0,257118205
BGE-M3 12 0,384615385 0,943037975 0,321094312 0,136446886 0,2384
BGE-M3 13 0,32967033 0,962025316 0,257739381 0,128486898 0,226696495
BGE-M3 14 0,27343245 0,974683544 0,193664507 0,120879121 0,215083799

Table E.3: Experiments with k-based cutoff

E.1.2 Cleaned
Embedding Threshold Accuracy Recall Specificity Precision F1-score
BERT (ISO) 0.9 0,840982547 0,056962025 0,930165587 0,08490566 0,068181818
BERT (ISO) 0.85 0,731738849 0,202531646 0,791936645 0,099688474 0,133611691
BERT (ISO) 0.8 0,58435682 0,405063291 0,60475162 0,104404568 0,166018158
BERT (ISO) 0.75 0,454427925 0,563291139 0,442044636 0,103009259 0,174168297
BERT (ISO) 0.7 0,352294764 0,664556962 0,316774658 0,099620493 0,173267327
BERT (ISO) 0.65 0,277310924 0,772151899 0,221022318 0,101328904 0,179148311
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E. Full Results from Factorial Experiments in Cycle 3

Embedding Threshold Accuracy Recall Specificity Precision F1-score
BERT (ISO) 0.6 0,235294118 0,841772152 0,166306695 0,103020914 0,183574879
BERT (ISO) 0.55 0,196509373 0,873417722 0,119510439 0,101396032 0,181698486
BERT (ISO) 0.5 0,159017453 0,886075949 0,076313895 0,098383696 0,177103099
BERT (ISO) 0.45 0,14479638 0,924050633 0,056155508 0,100205903 0,180804954
BERT (ISO) 0.4 0,137039431 0,955696203 0,043916487 0,102096011 0,184483812
BERT (ISO) 0.35 0,125404008 0,974683544 0,028797696 0,102461743 0,185430464
BERT (ISO) 0.3 0,115061409 0,981012658 0,016558675 0,10190664 0,184633711
BERT (ISO) 0.25 0,107950873 0,981012658 0,008639309 0,101174935 0,183431953
Instructor-XL 0.9 0,896574014 0,012658228 0,99712023 0,333333333 0,024390244
Instructor-XL 0.85 0,895927602 0,025316456 0,994960403 0,363636364 0,047337278
Instructor-XL 0.8 0,890756303 0,063291139 0,98488121 0,322580645 0,105820106
Instructor-XL 0.75 0,874595992 0,101265823 0,962562995 0,235294118 0,14159292
Instructor-XL 0.7 0,844214609 0,164556962 0,921526278 0,192592593 0,177474403
Instructor-XL 0.65 0,790562379 0,265822785 0,85025198 0,168 0,205882353
Instructor-XL 0.6 0,725274725 0,373417722 0,765298776 0,153246753 0,217311234
Instructor-XL 0.55 0,672268908 0,556962025 0,685385169 0,167619048 0,257686676
Instructor-XL 0.5 0,594699418 0,689873418 0,58387329 0,158660844 0,257988166
Instructor-XL 0.45 0,499676794 0,803797468 0,465082793 0,145977011 0,247081712
Instructor-XL 0.4 0,401422107 0,873417722 0,347732181 0,132183908 0,229617304
Instructor-XL 0.35 0,326438268 0,924050633 0,258459323 0,12414966 0,218890555
Instructor-XL 0.3 0,251454428 0,96835443 0,169906407 0,117151608 0,209016393
Instructor-XL 0.25 0,197155785 1 0,105831533 0,112857143 0,202824134
LegalBERT 0.9 0,633484163 0,35443038 0,665226782 0,107485605 0,164948454
LegalBERT 0.85 0,556561086 0,411392405 0,573074154 0,098784195 0,159313725
LegalBERT 0.8 0,51195863 0,449367089 0,519078474 0,096075778 0,158305463
LegalBERT 0.75 0,491919845 0,481012658 0,493160547 0,097435897 0,162046908
LegalBERT 0.7 0,460892049 0,5 0,456443485 0,094724221 0,159274194
LegalBERT 0.65 0,426632191 0,518987342 0,41612671 0,091825308 0,156041865
LegalBERT 0.6 0,393665158 0,569620253 0,373650108 0,09375 0,161001789
LegalBERT 0.55 0,351648352 0,620253165 0,321094312 0,09414025 0,163469558
LegalBERT 0.5 0,306399483 0,715189873 0,259899208 0,099035933 0,173979985
LegalBERT 0.45 0,259857789 0,835443038 0,194384449 0,105515588 0,187366927
LegalBERT 0.4 0,209437621 0,930379747 0,127429806 0,10816777 0,19380356
LegalBERT 0.35 0,171945701 0,987341772 0,079193665 0,108710801 0,195856874
LegalBERT 0.3 0,145442793 0,987341772 0,049676026 0,105691057 0,190942472
LegalBERT 0.25 0,12605042 1 0,026637869 0,104635762 0,189448441
BERT (ISO+R155) 0.9 0,778926955 0,215189873 0,843052556 0,134920635 0,165853659
BERT (ISO+R155) 0.85 0,636069813 0,405063291 0,662347012 0,120075047 0,185238784
BERT (ISO+R155) 0.8 0,48804137 0,556962025 0,480201584 0,108641975 0,181818182
BERT (ISO+R155) 0.75 0,34841629 0,658227848 0,313174946 0,098298677 0,171052632
BERT (ISO+R155) 0.7 0,274078862 0,746835443 0,220302376 0,098251457 0,173657101
BERT (ISO+R155) 0.65 0,221073045 0,803797468 0,154787617 0,097617218 0,174091844
BERT (ISO+R155) 0.6 0,195216548 0,835443038 0,122390209 0,097705403 0,174950298
BERT (ISO+R155) 0.55 0,173884939 0,886075949 0,09287257 0,1 0,179717587
BERT (ISO+R155) 0.5 0,153846154 0,905063291 0,068394528 0,099512874 0,179310345
BERT (ISO+R155) 0.45 0,140271493 0,930379747 0,050395968 0,100272851 0,181034483
BERT (ISO+R155) 0.4 0,124111183 0,936708861 0,031677466 0,09912927 0,179285282
BERT (ISO+R155) 0.35 0,118293471 0,943037975 0,024478042 0,099069149 0,179302046
BERT (ISO+R155) 0.3 0,111829347 0,974683544 0,013678906 0,101049869 0,183115339
BERT (ISO+R155) 0.25 0,109243697 0,987341772 0,009359251 0,101827676 0,184615385
BGE-M3 0.9 0,895927602 0,018987342 0,995680346 0,333333333 0,035928144
BGE-M3 0.85 0,89269554 0,03164557 0,990640749 0,277777778 0,056818182
BGE-M3 0.8 0,878474467 0,063291139 0,971202304 0,2 0,096153846
BGE-M3 0.75 0,856496445 0,14556962 0,937365011 0,209090909 0,171641791
BGE-M3 0.7 0,824175824 0,221518987 0,892728582 0,190217391 0,204678363
BGE-M3 0.65 0,762120233 0,335443038 0,810655148 0,167721519 0,223628692
BGE-M3 0.6 0,696186167 0,455696203 0,723542117 0,157894737 0,234527687
BGE-M3 0.55 0,619909502 0,626582278 0,619150468 0,157643312 0,251908397
BGE-M3 0.5 0,539107951 0,778481013 0,51187905 0,153558052 0,256517205
BGE-M3 0.45 0,447963801 0,848101266 0,402447804 0,139004149 0,23885918
BGE-M3 0.4 0,369747899 0,892405063 0,310295176 0,128298453 0,224343675
BGE-M3 0.35 0,294764059 0,917721519 0,223902088 0,118560916 0,209992759
BGE-M3 0.3 0,226244344 0,987341772 0,139668826 0,115470022 0,206759443
BGE-M3 0.25 0,16354234 0,987341772 0,069834413 0,107734807 0,194271482

Table E.4: Experiments with max-min normalized threshold
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E. Full Results from Factorial Experiments in Cycle 3

Embedding Threshold Accuracy Recall Specificity Precision F1-score
BERT (ISO) 2.0 0,897866839 0 1 nan nan
BERT (ISO) 1.75 0,897220427 0 0,999280058 0 nan
BERT (ISO) 1.5 0,893341952 0 0,994960403 0 nan
BERT (ISO) 1.25 0,866839043 0,006329114 0,964722822 0,02 0,009615385
BERT (ISO) 1.0 0,814479638 0,094936709 0,896328294 0,094339623 0,094637224
BERT (ISO) 0.75 0,720103426 0,227848101 0,776097912 0,103746398 0,142574257
BERT (ISO) 0.5 0,605042017 0,348101266 0,634269258 0,097690941 0,152565881
BERT (ISO) 0.25 0,502262443 0,5 0,502519798 0,102597403 0,170258621
BERT (ISO) 0.0 0,417582418 0,588607595 0,39812815 0,100107643 0,171113155
BERT (ISO) -0.25 0,34324499 0,683544304 0,304535637 0,100558659 0,175324675
BERT (ISO) -0.5 0,28959276 0,753164557 0,236861051 0,100932994 0,178010471
BERT (ISO) -0.75 0,253393665 0,829113924 0,187904968 0,104050834 0,184897671
BERT (ISO) -1.0 0,218487395 0,841772152 0,147588193 0,100987092 0,180338983
BERT (ISO) -1.25 0,190045249 0,873417722 0,112311015 0,100656455 0,180510137
Instructor-XL 2.0 0,892049127 0,050632911 0,987760979 0,32 0,087431694
Instructor-XL 1.75 0,882999354 0,088607595 0,973362131 0,274509804 0,133971292
Instructor-XL 1.5 0,861667744 0,132911392 0,944564435 0,214285714 0,1640625
Instructor-XL 1.25 0,828700711 0,189873418 0,901367891 0,179640719 0,184615385
Instructor-XL 1.0 0,782159017 0,265822785 0,840892729 0,159695817 0,199524941
Instructor-XL 0.75 0,72656755 0,367088608 0,767458603 0,152230971 0,215213358
Instructor-XL 0.5 0,684550743 0,525316456 0,702663787 0,16733871 0,25382263
Instructor-XL 0.25 0,627666451 0,664556962 0,623470122 0,167197452 0,267175573
Instructor-XL 0.0 0,555268261 0,740506329 0,534197264 0,153141361 0,253796095
Instructor-XL -0.25 0,464770524 0,841772152 0,421886249 0,142094017 0,243144424
Instructor-XL -0.5 0,389140271 0,879746835 0,333333333 0,130516432 0,227309894
Instructor-XL -0.75 0,327731092 0,924050633 0,259899208 0,124361158 0,219219219
Instructor-XL -1.0 0,266321913 0,96835443 0,186465083 0,119251754 0,212352533
Instructor-XL -1.25 0,215255333 0,993670886 0,126709863 0,11459854 0,205497382
LegalBERT 2.0 0,897866839 0 1 nan nan
LegalBERT 1.75 0,897866839 0 1 nan nan
LegalBERT 1.5 0,897866839 0 1 nan nan
LegalBERT 1.25 0,897866839 0 1 nan nan
LegalBERT 1.0 0,738202973 0,240506329 0,794816415 0,117647059 0,158004158
LegalBERT 0.75 0,596638655 0,379746835 0,621310295 0,102389078 0,161290323
LegalBERT 0.5 0,524886878 0,430379747 0,535637149 0,095371669 0,156142365
LegalBERT 0.25 0,494505495 0,462025316 0,498200144 0,094805195 0,157327586
LegalBERT 0.0 0,464124111 0,5 0,460043197 0,095295537 0,160081054
LegalBERT -0.25 0,421460892 0,518987342 0,410367171 0,091009989 0,154863078
LegalBERT -0.5 0,385261797 0,582278481 0,362850972 0,094165814 0,162114537
LegalBERT -0.75 0,333548804 0,651898734 0,297336213 0,095458758 0,166531932
LegalBERT -1.0 0,277957337 0,797468354 0,218862491 0,104046243 0,184075968
LegalBERT -1.25 0,21978022 0,924050633 0,139668826 0,108873975 0,194796531
BERT (ISO+R155) 2.0 0,897866839 0 1 nan nan
BERT (ISO+R155) 1.75 0,897866839 0 1 nan nan
BERT (ISO+R155) 1.5 0,897220427 0 0,999280058 0 nan
BERT (ISO+R155) 1.25 0,878474467 0,018987342 0,976241901 0,083333333 0,030927835
BERT (ISO+R155) 1.0 0,83387201 0,113924051 0,915766739 0,133333333 0,122866894
BERT (ISO+R155) 0.75 0,747252747 0,291139241 0,799136069 0,141538462 0,19047619
BERT (ISO+R155) 0.5 0,627666451 0,411392405 0,652267819 0,118613139 0,184135977
BERT (ISO+R155) 0.25 0,511312217 0,525316456 0,509719222 0,108638743 0,180043384
BERT (ISO+R155) 0.0 0,411118293 0,632911392 0,385889129 0,104931794 0,180018002
BERT (ISO+R155) -0.25 0,318681319 0,696202532 0,275737941 0,098566308 0,172684458
BERT (ISO+R155) -0.5 0,270200388 0,765822785 0,213822894 0,099752679 0,176513494
BERT (ISO+R155) -0.75 0,230769231 0,797468354 0,166306695 0,098130841 0,174757282
BERT (ISO+R155) -1.0 0,201680672 0,816455696 0,13174946 0,096629213 0,17280643
BERT (ISO+R155) -1.25 0,182934712 0,85443038 0,106551476 0,098110465 0,17601043
BGE-M3 2.0 0,890756303 0,03164557 0,988480922 0,238095238 0,055865922
BGE-M3 1.75 0,876535229 0,063291139 0,969042477 0,188679245 0,09478673
BGE-M3 1.5 0,85778927 0,139240506 0,939524838 0,20754717 0,166666667
BGE-M3 1.25 0,833225598 0,221518987 0,902807775 0,205882353 0,213414634
BGE-M3 1.0 0,797026503 0,297468354 0,853851692 0,188 0,230392157
BGE-M3 0.75 0,733031674 0,386075949 0,7724982 0,161803714 0,228037383
BGE-M3 0.5 0,670976083 0,474683544 0,693304536 0,149700599 0,227617602
BGE-M3 0.25 0,609566904 0,651898734 0,60475162 0,15797546 0,254320988
BGE-M3 0.0 0,543632838 0,772151899 0,517638589 0,154040404 0,256842105
BGE-M3 -0.25 0,467356173 0,829113924 0,426205904 0,141163793 0,241252302

Continued on next page

XXXII



E. Full Results from Factorial Experiments in Cycle 3

Embedding Threshold Accuracy Recall Specificity Precision F1-score
BGE-M3 -0.5 0,404007757 0,873417722 0,350611951 0,132692308 0,230383973
BGE-M3 -0.75 0,336780866 0,911392405 0,271418287 0,124567474 0,219178082
BGE-M3 -1.0 0,272139625 0,949367089 0,195104392 0,11829653 0,210378682
BGE-M3 -1.25 0,218487395 0,987341772 0,131029518 0,114453412 0,205128205

Table E.5: Experiments with Z-score threshold

Embedding Threshold Accuracy Recall Specificity Precision F1-score
BERT (ISO) 1 0,849385908 0,050632911 0,94024478 0,087912088 0,064257028
BERT (ISO) 2 0,806076277 0,126582278 0,88336933 0,10989011 0,117647059
BERT (ISO) 3 0,758888171 0,183544304 0,824334053 0,106227106 0,134570766
BERT (ISO) 4 0,709114415 0,227848101 0,763858891 0,098901099 0,137931034
BERT (ISO) 5 0,665804783 0,303797468 0,706983441 0,105494505 0,156606852
BERT (ISO) 6 0,619909502 0,367088608 0,648668107 0,106227106 0,164772727
BERT (ISO) 7 0,571428571 0,417721519 0,588912887 0,103610675 0,166037736
BERT (ISO) 8 0,529411765 0,5 0,532757379 0,108516484 0,178329571
BERT (ISO) 9 0,492566257 0,607594937 0,479481641 0,117216117 0,196519959
BERT (ISO) 10 0,45572075 0,715189873 0,426205904 0,124175824 0,211610487
BERT (ISO) 11 0,413703943 0,797468354 0,370050396 0,125874126 0,217428818
BERT (ISO) 12 0,361344538 0,829113924 0,308135349 0,11996337 0,2096
BERT (ISO) 13 0,307692308 0,85443038 0,24550036 0,114116653 0,201342282
BERT (ISO) 14 0,254040078 0,879746835 0,182865371 0,109105181 0,194134078
Instructor-XL 1 0,87394958 0,170886076 0,953923686 0,296703297 0,21686747
Instructor-XL 2 0,828054299 0,234177215 0,895608351 0,203296703 0,217647059
Instructor-XL 3 0,782159017 0,297468354 0,837293017 0,172161172 0,218097448
Instructor-XL 4 0,74789916 0,417721519 0,785457163 0,181318681 0,252873563
Instructor-XL 5 0,718810601 0,563291139 0,73650108 0,195604396 0,290375204
Instructor-XL 6 0,684550743 0,683544304 0,684665227 0,197802198 0,306818182
Instructor-XL 7 0,646412411 0,784810127 0,630669546 0,19466248 0,311949686
Instructor-XL 8 0,60051713 0,848101266 0,572354212 0,184065934 0,30248307
Instructor-XL 9 0,554621849 0,911392405 0,514038877 0,175824176 0,294779939
Instructor-XL 10 0,500969619 0,936708861 0,451403888 0,162637363 0,277153558
Instructor-XL 11 0,447317388 0,962025316 0,388768898 0,151848152 0,262295082
Instructor-XL 12 0,392372334 0,981012658 0,325413967 0,141941392 0,248
Instructor-XL 13 0,333548804 0,981012658 0,259899208 0,131022823 0,231170768
Instructor-XL 14 0,2760181 0,987341772 0,195104392 0,12244898 0,217877095
LegalBERT 1 0,862314156 0,113924051 0,947444204 0,197802198 0,144578313
LegalBERT 2 0,816418875 0,17721519 0,88912887 0,153846154 0,164705882
LegalBERT 3 0,762766645 0,202531646 0,82649388 0,117216117 0,148491879
LegalBERT 4 0,714285714 0,253164557 0,766738661 0,10989011 0,153256705
LegalBERT 5 0,665804783 0,303797468 0,706983441 0,105494505 0,156606852
LegalBERT 6 0,613445378 0,335443038 0,645068395 0,097069597 0,150568182
LegalBERT 7 0,564964447 0,386075949 0,585313175 0,095761381 0,153459119
LegalBERT 8 0,551389787 0,607594937 0,5449964 0,131868132 0,216704289
LegalBERT 9 0,522301228 0,753164557 0,496040317 0,145299145 0,243602866
LegalBERT 10 0,473820297 0,803797468 0,436285097 0,13956044 0,237827715
LegalBERT 11 0,420168067 0,829113924 0,373650108 0,130869131 0,226056946
LegalBERT 12 0,362637363 0,835443038 0,308855292 0,120879121 0,2112
LegalBERT 13 0,307692308 0,85443038 0,24550036 0,114116653 0,201342282
LegalBERT 14 0,260504202 0,911392405 0,186465083 0,113029827 0,201117318
BERT (ISO+R155) 1 0,858435682 0,094936709 0,945284377 0,164835165 0,120481928
BERT (ISO+R155) 2 0,812540401 0,158227848 0,886969042 0,137362637 0,147058824
BERT (ISO+R155) 3 0,776987718 0,272151899 0,834413247 0,157509158 0,199535963
BERT (ISO+R155) 4 0,734970911 0,35443038 0,778257739 0,153846154 0,214559387
BERT (ISO+R155) 5 0,69424693 0,443037975 0,722822174 0,153846154 0,228384992
BERT (ISO+R155) 6 0,650937298 0,518987342 0,665946724 0,15018315 0,232954545
BERT (ISO+R155) 7 0,601163542 0,563291139 0,605471562 0,139717425 0,223899371
BERT (ISO+R155) 8 0,551389787 0,607594937 0,5449964 0,131868132 0,216704289
BERT (ISO+R155) 9 0,497737557 0,632911392 0,482361411 0,122100122 0,204708291
BERT (ISO+R155) 10 0,449256626 0,683544304 0,422606192 0,118681319 0,202247191
BERT (ISO+R155) 11 0,39948287 0,727848101 0,36213103 0,114885115 0,198446937
BERT (ISO+R155) 12 0,349709114 0,772151899 0,301655868 0,111721612 0,1952
BERT (ISO+R155) 13 0,296056884 0,797468354 0,239020878 0,106508876 0,187919463
BERT (ISO+R155) 14 0,239819005 0,810126582 0,174946004 0,100470958 0,17877095
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E. Full Results from Factorial Experiments in Cycle 3

Embedding Threshold Accuracy Recall Specificity Precision F1-score
BGE-M3 1 0,876535229 0,183544304 0,955363571 0,318681319 0,232931727
BGE-M3 2 0,834518423 0,265822785 0,899208063 0,230769231 0,247058824
BGE-M3 3 0,789915966 0,335443038 0,841612671 0,194139194 0,245939675
BGE-M3 4 0,74531351 0,405063291 0,784017279 0,175824176 0,245210728
BGE-M3 5 0,69424693 0,443037975 0,722822174 0,153846154 0,228384992
BGE-M3 6 0,661279897 0,569620253 0,671706263 0,164835165 0,255681818
BGE-M3 7 0,61667744 0,639240506 0,614110871 0,15855573 0,25408805
BGE-M3 8 0,577246283 0,734177215 0,559395248 0,159340659 0,261851016
BGE-M3 9 0,536522301 0,82278481 0,503959683 0,158730159 0,266120778
BGE-M3 10 0,489334195 0,879746835 0,444924406 0,152747253 0,260299625
BGE-M3 11 0,435681965 0,905063291 0,382289417 0,142857143 0,246764452
BGE-M3 12 0,384615385 0,943037975 0,321094312 0,136446886 0,2384
BGE-M3 13 0,333548804 0,981012658 0,259899208 0,131022823 0,231170768
BGE-M3 14 0,277310924 0,993670886 0,195824334 0,123233909 0,219273743

Table E.6: Experiments with k-based cutoff

E.1.3 Glossary
Embedding Threshold Accuracy Recall Specificity Precision F1-score
BERT (ISO) 0.9 0,71040724 0,310126582 0,755939525 0,12628866 0,179487179
BERT (ISO) 0.85 0,627020039 0,379746835 0,655147588 0,111317254 0,172166428
BERT (ISO) 0.8 0,567550097 0,474683544 0,578113751 0,113464448 0,183150183
BERT (ISO) 0.75 0,50678733 0,575949367 0,498920086 0,115628971 0,192592593
BERT (ISO) 0.7 0,449903038 0,594936709 0,433405328 0,106696935 0,180943215
BERT (ISO) 0.65 0,397543633 0,689873418 0,364290857 0,109879032 0,189565217
BERT (ISO) 0.6 0,358758888 0,759493671 0,313174946 0,111731844 0,194805195
BERT (ISO) 0.55 0,325791855 0,791139241 0,272858171 0,110132159 0,193348801
BERT (ISO) 0.5 0,297349709 0,829113924 0,236861051 0,109991604 0,194217939
BERT (ISO) 0.45 0,280542986 0,85443038 0,215262779 0,110204082 0,195227766
BERT (ISO) 0.4 0,261797027 0,867088608 0,192944564 0,108903021 0,193502825
BERT (ISO) 0.35 0,243051067 0,879746835 0,17062635 0,107668474 0,191856453
BERT (ISO) 0.3 0,226890756 0,898734177 0,150467963 0,107413011 0,191891892
BERT (ISO) 0.25 0,215901745 0,911392405 0,136789057 0,107222636 0,191872085
Instructor-XL 0.9 0,705235941 0,474683544 0,731461483 0,167410714 0,247524752
Instructor-XL 0.85 0,625727214 0,715189873 0,615550756 0,174652241 0,280745342
Instructor-XL 0.8 0,503555268 0,841772152 0,465082793 0,151826484 0,257253385
Instructor-XL 0.75 0,416289593 0,873417722 0,364290857 0,135161606 0,234096692
Instructor-XL 0.7 0,36199095 0,911392405 0,29949604 0,128916741 0,225882353
Instructor-XL 0.65 0,325145443 0,943037975 0,254859611 0,125844595 0,222056632
Instructor-XL 0.6 0,294117647 0,962025316 0,218142549 0,122778675 0,217765043
Instructor-XL 0.55 0,246283129 0,962025316 0,164866811 0,115853659 0,206802721
Instructor-XL 0.5 0,21719457 0,96835443 0,13174946 0,112582781 0,201713909
Instructor-XL 0.45 0,21719457 0,96835443 0,13174946 0,112582781 0,201713909
Instructor-XL 0.4 0,184227537 0,981012658 0,093592513 0,109618105 0,197201018
Instructor-XL 0.35 0,180995475 0,993670886 0,088552916 0,110330288 0,198608476
Instructor-XL 0.3 0,177117001 0,993670886 0,084233261 0,10986704 0,197857593
Instructor-XL 0.25 0,170652877 0,993670886 0,077033837 0,109103544 0,19661866
LegalBERT 0.9 0,612798966 0,348101266 0,642908567 0,099818512 0,155148096
LegalBERT 0.85 0,580478345 0,392405063 0,60187185 0,100813008 0,160413972
LegalBERT 0.8 0,559793148 0,411392405 0,576673866 0,099540582 0,160295931
LegalBERT 0.75 0,522301228 0,487341772 0,526277898 0,104761905 0,172452408
LegalBERT 0.7 0,477698772 0,518987342 0,47300216 0,100737101 0,16872428
LegalBERT 0.65 0,443438914 0,537974684 0,432685385 0,097365407 0,164888458
LegalBERT 0.6 0,413703943 0,594936709 0,393088553 0,100320171 0,171689498
LegalBERT 0.55 0,379444085 0,620253165 0,352051836 0,098196393 0,169550173
LegalBERT 0.5 0,351001939 0,639240506 0,318214543 0,096374046 0,167495854
LegalBERT 0.45 0,328377505 0,658227848 0,290856731 0,095500459 0,166800321
LegalBERT 0.4 0,320620556 0,664556962 0,28149748 0,095194923 0,166534496
LegalBERT 0.35 0,303167421 0,670886076 0,261339093 0,093639576 0,164341085
LegalBERT 0.3 0,277957337 0,670886076 0,233261339 0,090520922 0,159518435
LegalBERT 0.25 0,263736264 0,683544304 0,215982721 0,090225564 0,159409594
BERT (ISO+R155) 0.9 0,69424693 0,556962025 0,709863211 0,179226069 0,271186441
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E. Full Results from Factorial Experiments in Cycle 3

Embedding Threshold Accuracy Recall Specificity Precision F1-score
BERT (ISO+R155) 0.85 0,620555915 0,670886076 0,614830814 0,165366615 0,265331665
BERT (ISO+R155) 0.8 0,561732385 0,797468354 0,534917207 0,163212435 0,270967742
BERT (ISO+R155) 0.75 0,493859082 0,82278481 0,456443485 0,146892655 0,24928092
BERT (ISO+R155) 0.7 0,424692954 0,860759494 0,375089993 0,135458167 0,234079174
BERT (ISO+R155) 0.65 0,370394312 0,873417722 0,313174946 0,126373626 0,2208
BERT (ISO+R155) 0.6 0,298642534 0,886075949 0,231821454 0,115990058 0,205128205
BERT (ISO+R155) 0.55 0,250808016 0,892405063 0,177825774 0,109898675 0,195697432
BERT (ISO+R155) 0.5 0,216548158 0,911392405 0,137508999 0,107302534 0,192
BERT (ISO+R155) 0.45 0,202327085 0,936708861 0,118790497 0,10787172 0,193464052
BERT (ISO+R155) 0.4 0,186813187 0,955696203 0,099352052 0,107703281 0,193589744
BERT (ISO+R155) 0.35 0,168713639 0,974683544 0,077033837 0,10724234 0,193224592
BERT (ISO+R155) 0.3 0,161603103 0,981012658 0,068394528 0,106970324 0,192906036
BERT (ISO+R155) 0.25 0,157724628 0,981012658 0,064074874 0,10652921 0,192188469
BGE-M3 0.9 0,731738849 0,588607595 0,748020158 0,20993228 0,309484193
BGE-M3 0.85 0,620555915 0,715189873 0,609791217 0,172519084 0,27798278
BGE-M3 0.8 0,51195863 0,797468354 0,479481641 0,148409894 0,250248262
BGE-M3 0.75 0,422753717 0,867088608 0,372210223 0,135777998 0,23479006
BGE-M3 0.7 0,371040724 0,911392405 0,309575234 0,130553037 0,228390167
BGE-M3 0.65 0,34324499 0,936708861 0,275737941 0,128249567 0,225609756
BGE-M3 0.6 0,314802844 0,962025316 0,241180706 0,126036484 0,2228739
BGE-M3 0.55 0,277957337 0,96835443 0,199424046 0,120948617 0,215038651
BGE-M3 0.5 0,241111829 0,987341772 0,156227502 0,11746988 0,209959623
BGE-M3 0.45 0,215255333 0,993670886 0,126709863 0,11459854 0,205497382
BGE-M3 0.4 0,186813187 1 0,094312455 0,111581921 0,200762389
BGE-M3 0.35 0,175177763 1 0,081353492 0,110181311 0,198492462
BGE-M3 0.3 0,167420814 1 0,072714183 0,109266943 0,197007481
BGE-M3 0.25 0,164835165 1 0,069834413 0,108965517 0,196517413

Table E.7: Experiments with max-min normalized threshold

Embedding Threshold Accuracy Recall Specificity Precision F1-score
BERT (ISO) 2.0 0,897866839 0 1 nan nan
BERT (ISO) 1.75 0,898513251 0,006329114 1 1 0,012578616
BERT (ISO) 1.5 0,897866839 0,006329114 0,999280058 0,5 0,0125
BERT (ISO) 1.25 0,894634777 0,056962025 0,989920806 0,391304348 0,099447514
BERT (ISO) 1.0 0,834518423 0,208860759 0,905687545 0,201219512 0,204968944
BERT (ISO) 0.75 0,728506787 0,335443038 0,773218143 0,144021739 0,201520913
BERT (ISO) 0.5 0,601809955 0,46835443 0,616990641 0,122112211 0,193717277
BERT (ISO) 0.25 0,500969619 0,601265823 0,489560835 0,118159204 0,197505198
BERT (ISO) 0.0 0,420168067 0,721518987 0,385889129 0,117890383 0,202666667
BERT (ISO) -0.25 0,351648352 0,803797468 0,300215983 0,1155596 0,202068417
BERT (ISO) -0.5 0,302521008 0,848101266 0,240460763 0,112699748 0,198960653
BERT (ISO) -0.75 0,270200388 0,873417722 0,201583873 0,110665597 0,196441281
BERT (ISO) -1.0 0,245636716 0,879746835 0,17350612 0,108003108 0,192387543
BERT (ISO) -1.25 0,228829994 0,892405063 0,153347732 0,107061503 0,191186441
Instructor-XL 2.0 0,895927602 0 0,997840173 0 nan
Instructor-XL 1.75 0,896574014 0,006329114 0,997840173 0,25 0,012345679
Instructor-XL 1.5 0,893988365 0,012658228 0,994240461 0,2 0,023809524
Instructor-XL 1.25 0,893988365 0,037974684 0,991360691 0,333333333 0,068181818
Instructor-XL 1.0 0,881060116 0,113924051 0,968322534 0,290322581 0,163636364
Instructor-XL 0.75 0,79638009 0,303797468 0,852411807 0,18972332 0,233576642
Instructor-XL 0.5 0,676793794 0,550632911 0,691144708 0,168604651 0,258160237
Instructor-XL 0.25 0,569489334 0,886075949 0,533477322 0,177664975 0,295983087
Instructor-XL 0.0 0,41822883 0,930379747 0,359971202 0,141891892 0,246231156
Instructor-XL -0.25 0,346477052 0,96835443 0,275737941 0,132010354 0,232346241
Instructor-XL -0.5 0,306399483 0,96835443 0,231101512 0,125307125 0,221899927
Instructor-XL -0.75 0,271493213 0,993670886 0,189344852 0,122369447 0,217904233
Instructor-XL -1.0 0,210084034 1 0,120230382 0,114492754 0,205461638
Instructor-XL -1.25 0,171945701 1 0,07775378 0,109798471 0,197871008
LegalBERT 2.0 0,895927602 0,050632911 0,992080634 0,421052632 0,09039548
LegalBERT 1.75 0,894634777 0,050632911 0,990640749 0,380952381 0,089385475
LegalBERT 1.5 0,889463478 0,056962025 0,984161267 0,290322581 0,095238095
LegalBERT 1.25 0,862314156 0,063291139 0,953203744 0,133333333 0,08583691
LegalBERT 1.0 0,838396897 0,069620253 0,925845932 0,096491228 0,080882353
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E. Full Results from Factorial Experiments in Cycle 3

Embedding Threshold Accuracy Recall Specificity Precision F1-score
LegalBERT 0.75 0,78280543 0,101265823 0,860331174 0,076190476 0,086956522
LegalBERT 0.5 0,652230123 0,386075949 0,6825054 0,121513944 0,184848485
LegalBERT 0.25 0,495151907 0,493670886 0,495320374 0,10012837 0,166488794
LegalBERT 0.0 0,443438914 0,544303797 0,431965443 0,098285714 0,166505324
LegalBERT -0.25 0,403361345 0,582278481 0,383009359 0,096944152 0,166214995
LegalBERT -0.5 0,301874596 0,67721519 0,259179266 0,094190141 0,165378671
LegalBERT -0.75 0,228183581 0,772151899 0,166306695 0,0953125 0,169680111
LegalBERT -1.0 0,174531351 0,860759494 0,096472282 0,097771387 0,175597159
LegalBERT -1.25 0,14221073 0,867088608 0,05975522 0,094941095 0,171143036
BERT (ISO+R155) 2.0 0,897866839 0 1 nan nan
BERT (ISO+R155) 1.75 0,898513251 0,006329114 1 1 0,012578616
BERT (ISO+R155) 1.5 0,896574014 0,006329114 0,997840173 0,25 0,012345679
BERT (ISO+R155) 1.25 0,893988365 0,018987342 0,993520518 0,25 0,035294118
BERT (ISO+R155) 1.0 0,85778927 0,069620253 0,947444204 0,130952381 0,090909091
BERT (ISO+R155) 0.75 0,741435036 0,405063291 0,779697624 0,172972973 0,242424242
BERT (ISO+R155) 0.5 0,641887524 0,702531646 0,634989201 0,17961165 0,286082474
BERT (ISO+R155) 0.25 0,548804137 0,797468354 0,520518359 0,159090909 0,265263158
BERT (ISO+R155) 0.0 0,481577246 0,835443038 0,441324694 0,145374449 0,247654784
BERT (ISO+R155) -0.25 0,398836458 0,886075949 0,343412527 0,133079848 0,231404959
BERT (ISO+R155) -0.5 0,30575307 0,892405063 0,239020878 0,11769616 0,207964602
BERT (ISO+R155) -0.75 0,237233355 0,911392405 0,160547156 0,109923664 0,196185286
BERT (ISO+R155) -1.0 0,207498384 0,930379747 0,125269978 0,107929515 0,193421053
BERT (ISO+R155) -1.25 0,199095023 0,962025316 0,112311015 0,109747292 0,197018795
BGE-M3 2.0 0,897866839 0 1 nan nan
BGE-M3 1.75 0,897220427 0 0,999280058 0 nan
BGE-M3 1.5 0,898513251 0,025316456 0,997840173 0,571428571 0,048484848
BGE-M3 1.25 0,892049127 0,044303797 0,988480922 0,304347826 0,077348066
BGE-M3 1.0 0,881706529 0,101265823 0,970482361 0,280701754 0,148837209
BGE-M3 0.75 0,822236587 0,335443038 0,877609791 0,237668161 0,278215223
BGE-M3 0.5 0,67291532 0,683544304 0,671706263 0,191489362 0,299168975
BGE-M3 0.25 0,513251454 0,860759494 0,473722102 0,156862745 0,265365854
BGE-M3 0.0 0,405300582 0,917721519 0,347012239 0,1378327 0,239669421
BGE-M3 -0.25 0,343891403 0,962025316 0,273578114 0,130921619 0,230477635
BGE-M3 -0.5 0,316095669 0,974683544 0,241180706 0,127483444 0,225475842
BGE-M3 -0.75 0,288299935 0,993670886 0,208063355 0,124900557 0,221908127
BGE-M3 -1.0 0,246929541 0,993670886 0,161987041 0,118849357 0,212305612
BGE-M3 -1.25 0,193277311 1 0,101511879 0,112375533 0,202046036

Table E.8: Experiments with Z-score threshold

Embedding Threshold Accuracy Recall Specificity Precision F1-score
BERT (ISO) 1 0,867485456 0,139240506 0,950323974 0,241758242 0,176706827
BERT (ISO) 2 0,824175824 0,215189873 0,893448524 0,186813187 0,2
BERT (ISO) 3 0,774402069 0,259493671 0,832973362 0,15018315 0,19025522
BERT (ISO) 4 0,727213963 0,316455696 0,773938085 0,137362637 0,191570881
BERT (ISO) 5 0,681318681 0,379746835 0,71562275 0,131868132 0,195758564
BERT (ISO) 6 0,626373626 0,398734177 0,652267819 0,115384615 0,178977273
BERT (ISO) 7 0,574014221 0,430379747 0,590352772 0,106750392 0,171069182
BERT (ISO) 8 0,53070459 0,506329114 0,533477322 0,10989011 0,180586907
BERT (ISO) 9 0,499030381 0,639240506 0,483081353 0,123321123 0,206755374
BERT (ISO) 10 0,454427925 0,708860759 0,425485961 0,123076923 0,209737828
BERT (ISO) 11 0,40206852 0,740506329 0,363570914 0,116883117 0,201898188
BERT (ISO) 12 0,354880414 0,797468354 0,304535637 0,115384615 0,2016
BERT (ISO) 13 0,303813833 0,835443038 0,243340533 0,111580727 0,196868009
BERT (ISO) 14 0,255332902 0,886075949 0,183585313 0,10989011 0,195530726
Instructor-XL 1 0,87394958 0,170886076 0,953923686 0,296703297 0,21686747
Instructor-XL 2 0,828054299 0,234177215 0,895608351 0,203296703 0,217647059
Instructor-XL 3 0,789915966 0,335443038 0,841612671 0,194139194 0,245939675
Instructor-XL 4 0,741435036 0,386075949 0,781857451 0,167582418 0,233716475
Instructor-XL 5 0,696832579 0,455696203 0,724262059 0,158241758 0,234910277
Instructor-XL 6 0,661279897 0,569620253 0,671706263 0,164835165 0,255681818
Instructor-XL 7 0,636069813 0,734177215 0,624910007 0,182103611 0,291823899
Instructor-XL 8 0,59793148 0,835443038 0,570914327 0,181318681 0,297968397
Instructor-XL 9 0,554621849 0,911392405 0,514038877 0,175824176 0,294779939
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E. Full Results from Factorial Experiments in Cycle 3

Embedding Threshold Accuracy Recall Specificity Precision F1-score
Instructor-XL 10 0,500969619 0,936708861 0,451403888 0,162637363 0,277153558
Instructor-XL 11 0,444731739 0,949367089 0,387329014 0,14985015 0,258843831
Instructor-XL 12 0,387201034 0,955696203 0,322534197 0,138278388 0,2416
Instructor-XL 13 0,330963154 0,96835443 0,258459323 0,129332206 0,228187919
Instructor-XL 14 0,274725275 0,981012658 0,194384449 0,12166405 0,216480447
LegalBERT 1 0,855850032 0,082278481 0,943844492 0,142857143 0,104417671
LegalBERT 2 0,803490627 0,113924051 0,881929446 0,098901099 0,105882353
LegalBERT 3 0,751131222 0,14556962 0,820014399 0,084249084 0,106728538
LegalBERT 4 0,698771816 0,17721519 0,758099352 0,076923077 0,107279693
LegalBERT 5 0,647705236 0,215189873 0,696904248 0,074725275 0,110929853
LegalBERT 6 0,604395604 0,291139241 0,640028798 0,084249084 0,130681818
LegalBERT 7 0,572721396 0,424050633 0,589632829 0,105180534 0,168553459
LegalBERT 8 0,526826115 0,487341772 0,531317495 0,105769231 0,173814898
LegalBERT 9 0,479638009 0,544303797 0,472282217 0,105006105 0,17604913
LegalBERT 10 0,424692954 0,563291139 0,408927286 0,097802198 0,166666667
LegalBERT 11 0,387847447 0,670886076 0,355651548 0,105894106 0,182916307
LegalBERT 12 0,331609567 0,683544304 0,291576674 0,098901099 0,1728
LegalBERT 13 0,277957337 0,708860759 0,228941685 0,094674556 0,167039523
LegalBERT 14 0,223012282 0,727848101 0,165586753 0,090266876 0,160614525
BERT (ISO+R155) 1 0,862314156 0,113924051 0,947444204 0,197802198 0,144578313
BERT (ISO+R155) 2 0,821590175 0,202531646 0,892008639 0,175824176 0,188235294
BERT (ISO+R155) 3 0,784744667 0,310126582 0,838732901 0,179487179 0,22737819
BERT (ISO+R155) 4 0,74789916 0,417721519 0,785457163 0,181318681 0,252873563
BERT (ISO+R155) 5 0,708468003 0,512658228 0,730741541 0,178021978 0,264274062
BERT (ISO+R155) 6 0,666451196 0,594936709 0,674586033 0,172161172 0,267045455
BERT (ISO+R155) 7 0,629605688 0,702531646 0,621310295 0,174254317 0,279245283
BERT (ISO+R155) 8 0,581124758 0,753164557 0,561555076 0,163461538 0,268623025
BERT (ISO+R155) 9 0,532643827 0,803797468 0,501799856 0,155067155 0,259979529
BERT (ISO+R155) 10 0,485455721 0,860759494 0,442764579 0,149450549 0,254681648
BERT (ISO+R155) 11 0,427925016 0,867088608 0,377969762 0,136863137 0,236410699
BERT (ISO+R155) 12 0,374272786 0,892405063 0,315334773 0,129120879 0,2256
BERT (ISO+R155) 13 0,318034906 0,905063291 0,251259899 0,120879121 0,213273676
BERT (ISO+R155) 14 0,260504202 0,911392405 0,186465083 0,113029827 0,201117318
BGE-M3 1 0,870071105 0,151898734 0,951763859 0,263736264 0,192771084
BGE-M3 2 0,830639948 0,246835443 0,897048236 0,214285714 0,229411765
BGE-M3 3 0,795087266 0,360759494 0,844492441 0,208791209 0,26450116
BGE-M3 4 0,760827408 0,481012658 0,792656587 0,208791209 0,291187739
BGE-M3 5 0,725274725 0,594936709 0,740100792 0,206593407 0,306688418
BGE-M3 6 0,676793794 0,64556962 0,680345572 0,186813187 0,289772727
BGE-M3 7 0,630898513 0,708860759 0,622030238 0,175824176 0,281761006
BGE-M3 8 0,583710407 0,765822785 0,56299496 0,166208791 0,273137698
BGE-M3 9 0,535229476 0,816455696 0,503239741 0,157509158 0,264073695
BGE-M3 10 0,489334195 0,879746835 0,444924406 0,152747253 0,260299625
BGE-M3 11 0,438267615 0,917721519 0,383729302 0,144855145 0,250215703
BGE-M3 12 0,384615385 0,943037975 0,321094312 0,136446886 0,2384
BGE-M3 13 0,330963154 0,96835443 0,258459323 0,129332206 0,228187919
BGE-M3 14 0,278603749 1 0,196544276 0,124018838 0,220670391

Table E.9: Experiments with k-based cutoff

E.1.4 Hypothetical Document Embeddings
Embedding Threshold Accuracy Recall Specificity Precision F1-score
BERT (ISO) 0.9 0,880413704 0,018987342 0,978401728 0,090909091 0,031413613
BERT (ISO) 0.85 0,832579186 0,050632911 0,921526278 0,068376068 0,058181818
BERT (ISO) 0.8 0,774402069 0,14556962 0,845932325 0,097046414 0,116455696
BERT (ISO) 0.75 0,680025856 0,234177215 0,730741541 0,090024331 0,130052724
BERT (ISO) 0.7 0,569489334 0,35443038 0,593952484 0,090322581 0,143958869
BERT (ISO) 0.65 0,466709761 0,506329114 0,462203024 0,096735187 0,162436548
BERT (ISO) 0.6 0,374272786 0,651898734 0,342692585 0,101377953 0,175468484
BERT (ISO) 0.55 0,299288946 0,759493671 0,246940245 0,102915952 0,181268882
BERT (ISO) 0.5 0,239172592 0,835443038 0,171346292 0,102883866 0,183206107
BERT (ISO) 0.45 0,199741435 0,892405063 0,120950324 0,103524229 0,185526316

Continued on next page
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E. Full Results from Factorial Experiments in Cycle 3

Embedding Threshold Accuracy Recall Specificity Precision F1-score
BERT (ISO) 0.4 0,158371041 0,924050633 0,071274298 0,101671309 0,183186951
BERT (ISO) 0.35 0,138332256 0,974683544 0,043196544 0,10384356 0,187690433
BERT (ISO) 0.3 0,126696833 0,981012658 0,029517639 0,103127079 0,186634557
BERT (ISO) 0.25 0,120879121 0,993670886 0,021598272 0,103562005 0,187574671
Instructor-XL 0.9 0,897220427 0,018987342 0,99712023 0,428571429 0,036363636
Instructor-XL 0.85 0,891402715 0,044303797 0,987760979 0,291666667 0,076923077
Instructor-XL 0.8 0,877181642 0,107594937 0,964722822 0,257575758 0,151785714
Instructor-XL 0.75 0,85520362 0,208860759 0,928725702 0,25 0,227586207
Instructor-XL 0.7 0,811893988 0,329113924 0,866810655 0,219409283 0,263291139
Instructor-XL 0.65 0,749838397 0,443037975 0,784737221 0,189701897 0,265654649
Instructor-XL 0.6 0,674854557 0,639240506 0,678905688 0,18464351 0,286524823
Instructor-XL 0.55 0,590820944 0,753164557 0,572354212 0,166900421 0,273249139
Instructor-XL 0.5 0,503555268 0,841772152 0,465082793 0,151826484 0,257253385
Instructor-XL 0.45 0,417582418 0,873417722 0,365730742 0,135426889 0,234494477
Instructor-XL 0.4 0,343891403 0,936708861 0,276457883 0,128360798 0,225781846
Instructor-XL 0.35 0,279250162 0,96835443 0,200863931 0,121140143 0,215341309
Instructor-XL 0.3 0,212669683 0,981012658 0,125269978 0,113138686 0,202879581
Instructor-XL 0.25 0,169360052 0,981012658 0,077033837 0,107863605 0,194357367
LegalBERT 0.9 0,595345831 0,632911392 0,591072714 0,149700599 0,242130751
LegalBERT 0.85 0,511312217 0,683544304 0,491720662 0,132678133 0,222222222
LegalBERT 0.8 0,464770524 0,727848101 0,434845212 0,127777778 0,217391304
LegalBERT 0.75 0,429864253 0,753164557 0,393088553 0,123700624 0,2125
LegalBERT 0.7 0,400129282 0,765822785 0,358531317 0,119565217 0,206837607
LegalBERT 0.65 0,372979961 0,772151899 0,327573794 0,115530303 0,200988468
LegalBERT 0.6 0,339366516 0,784810127 0,288696904 0,111510791 0,195275591
LegalBERT 0.55 0,291531997 0,797468354 0,233981281 0,105882353 0,18694362
LegalBERT 0.5 0,258564964 0,82278481 0,194384449 0,104083267 0,184790334
LegalBERT 0.45 0,226244344 0,835443038 0,156947444 0,101304682 0,180698152
LegalBERT 0.4 0,209437621 0,848101266 0,136789057 0,100525131 0,179745137
LegalBERT 0.35 0,195862961 0,873417722 0,118790497 0,101321586 0,181578947
LegalBERT 0.3 0,170652877 0,924050633 0,084953204 0,10303458 0,185396825
LegalBERT 0.25 0,153199741 0,955696203 0,061915047 0,103851444 0,187344913
BERT (ISO+R155) 0.9 0,898513251 0,037974684 0,996400288 0,545454545 0,071005917
BERT (ISO+R155) 0.85 0,893341952 0,101265823 0,983441325 0,41025641 0,162436548
BERT (ISO+R155) 0.8 0,875242405 0,183544304 0,953923686 0,311827957 0,231075697
BERT (ISO+R155) 0.75 0,844861021 0,316455696 0,904967603 0,274725275 0,294117647
BERT (ISO+R155) 0.7 0,793794441 0,455696203 0,83225342 0,236065574 0,311015119
BERT (ISO+R155) 0.65 0,712992889 0,620253165 0,723542117 0,203319502 0,30625
BERT (ISO+R155) 0.6 0,608274079 0,734177215 0,593952484 0,170588235 0,276849642
BERT (ISO+R155) 0.55 0,514544279 0,841772152 0,477321814 0,154831199 0,261553589
BERT (ISO+R155) 0.5 0,42081448 0,898734177 0,366450684 0,138943249 0,240677966
BERT (ISO+R155) 0.45 0,326438268 0,955696203 0,254859611 0,127318718 0,224702381
BERT (ISO+R155) 0.4 0,242404654 0,987341772 0,157667387 0,117647059 0,210242588
BERT (ISO+R155) 0.35 0,192630899 1 0,100791937 0,112295665 0,201916933
BERT (ISO+R155) 0.3 0,159017453 1 0,063354932 0,108293352 0,195423624
BERT (ISO+R155) 0.25 0,134453782 1 0,03599712 0,105544422 0,190936556
BGE-M3 0.9 0,898513251 0,037974684 0,996400288 0,545454545 0,071005917
BGE-M3 0.85 0,893341952 0,101265823 0,983441325 0,41025641 0,162436548
BGE-M3 0.8 0,875242405 0,183544304 0,953923686 0,311827957 0,231075697
BGE-M3 0.75 0,844861021 0,316455696 0,904967603 0,274725275 0,294117647
BGE-M3 0.7 0,793794441 0,455696203 0,83225342 0,236065574 0,311015119
BGE-M3 0.65 0,712992889 0,620253165 0,723542117 0,203319502 0,30625
BGE-M3 0.6 0,608274079 0,734177215 0,593952484 0,170588235 0,276849642
BGE-M3 0.55 0,514544279 0,841772152 0,477321814 0,154831199 0,261553589
BGE-M3 0.5 0,42081448 0,898734177 0,366450684 0,138943249 0,240677966
BGE-M3 0.45 0,326438268 0,955696203 0,254859611 0,127318718 0,224702381
BGE-M3 0.4 0,242404654 0,987341772 0,157667387 0,117647059 0,210242588
BGE-M3 0.35 0,192630899 1 0,100791937 0,112295665 0,201916933
BGE-M3 0.3 0,159017453 1 0,063354932 0,108293352 0,195423624
BGE-M3 0.25 0,134453782 1 0,03599712 0,105544422 0,190936556

Table E.10: Experiments with max-min normalized threshold
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E. Full Results from Factorial Experiments in Cycle 3

Embedding Threshold Accuracy Recall Specificity Precision F1-score
BERT (ISO) 2.0 0,894634777 0 0,996400288 0 nan
BERT (ISO) 1.75 0,886877828 0,012658228 0,986321094 0,095238095 0,022346369
BERT (ISO) 1.5 0,867485456 0,03164557 0,962562995 0,087719298 0,046511628
BERT (ISO) 1.25 0,822882999 0,063291139 0,909287257 0,073529412 0,068027211
BERT (ISO) 1.0 0,779573368 0,14556962 0,851691865 0,100436681 0,118863049
BERT (ISO) 0.75 0,700711054 0,221518987 0,755219582 0,093333333 0,131332083
BERT (ISO) 0.5 0,620555915 0,297468354 0,657307415 0,089866157 0,138032305
BERT (ISO) 0.25 0,53070459 0,392405063 0,546436285 0,089595376 0,145882353
BERT (ISO) 0.0 0,452488688 0,512658228 0,445644348 0,095182139 0,160555005
BERT (ISO) -0.25 0,383968972 0,626582278 0,35637149 0,099697885 0,172024327
BERT (ISO) -0.5 0,323852618 0,734177215 0,277177826 0,103571429 0,181533646
BERT (ISO) -0.75 0,272139625 0,810126582 0,210943125 0,104575163 0,185238784
BERT (ISO) -1.0 0,224305107 0,85443038 0,15262779 0,102896341 0,183673469
BERT (ISO) -1.25 0,19844861 0,892405063 0,119510439 0,103372434 0,185282523
Instructor-XL 2.0 0,89269554 0,03164557 0,990640749 0,277777778 0,056818182
Instructor-XL 1.75 0,886877828 0,069620253 0,979841613 0,282051282 0,111675127
Instructor-XL 1.5 0,870717518 0,158227848 0,951763859 0,27173913 0,2
Instructor-XL 1.25 0,844214609 0,240506329 0,912886969 0,238993711 0,239747634
Instructor-XL 1.0 0,809954751 0,348101266 0,862491001 0,223577236 0,272277228
Instructor-XL 0.75 0,74789916 0,443037975 0,782577394 0,188172043 0,264150943
Instructor-XL 0.5 0,684550743 0,601265823 0,694024478 0,182692308 0,280235988
Instructor-XL 0.25 0,613445378 0,734177215 0,599712023 0,172619048 0,279518072
Instructor-XL 0.0 0,537168714 0,82278481 0,504679626 0,158924205 0,266393443
Instructor-XL -0.25 0,459599224 0,841772152 0,41612671 0,140889831 0,24137931
Instructor-XL -0.5 0,393665158 0,917721519 0,334053276 0,135514019 0,236156352
Instructor-XL -0.75 0,333548804 0,949367089 0,26349892 0,127877238 0,22539444
Instructor-XL -1.0 0,2708468 0,96835443 0,19150468 0,119905956 0,213389121
Instructor-XL -1.25 0,212669683 0,981012658 0,125269978 0,113138686 0,202879581
LegalBERT 2.0 0,897866839 0 1 nan nan
LegalBERT 1.75 0,897866839 0 1 nan nan
LegalBERT 1.5 0,897866839 0 1 nan nan
LegalBERT 1.25 0,897866839 0 1 nan nan
LegalBERT 1.0 0,894634777 0 0,996400288 0 nan
LegalBERT 0.75 0,67550097 0,481012658 0,69762419 0,153225806 0,232415902
LegalBERT 0.5 0,544925663 0,664556962 0,531317495 0,138888889 0,2297593
LegalBERT 0.25 0,470588235 0,727848101 0,441324694 0,129068462 0,219256435
LegalBERT 0.0 0,426632191 0,759493671 0,388768898 0,123839009 0,212954747
LegalBERT -0.25 0,396250808 0,765822785 0,354211663 0,118860511 0,205782313
LegalBERT -0.5 0,357466063 0,778481013 0,309575234 0,113678373 0,198387097
LegalBERT -0.75 0,299288946 0,791139241 0,243340533 0,106292517 0,187406297
LegalBERT -1.0 0,255332902 0,82278481 0,190784737 0,103668262 0,184135977
LegalBERT -1.25 0,217840983 0,835443038 0,147588193 0,100303951 0,179104478
BERT (ISO+R155) 2.0 0,897220427 0,069620253 0,991360691 0,47826087 0,121546961
BERT (ISO+R155) 1.75 0,89010989 0,101265823 0,979841613 0,363636364 0,158415842
BERT (ISO+R155) 1.5 0,875888817 0,17721519 0,955363571 0,311111111 0,225806452
BERT (ISO+R155) 1.25 0,853910795 0,272151899 0,920086393 0,279220779 0,275641026
BERT (ISO+R155) 1.0 0,819650937 0,386075949 0,868970482 0,251028807 0,304239401
BERT (ISO+R155) 0.75 0,765998707 0,487341772 0,797696184 0,215083799 0,298449612
BERT (ISO+R155) 0.5 0,704589528 0,658227848 0,709863211 0,205128205 0,312781955
BERT (ISO+R155) 0.25 0,617970265 0,734177215 0,60475162 0,17443609 0,281895504
BERT (ISO+R155) 0.0 0,543632838 0,82278481 0,51187905 0,160891089 0,269151139
BERT (ISO+R155) -0.25 0,464124111 0,879746835 0,416846652 0,146469968 0,251129178
BERT (ISO+R155) -0.5 0,391725921 0,911392405 0,332613391 0,134453782 0,234336859
BERT (ISO+R155) -0.75 0,316095669 0,955696203 0,243340533 0,12562396 0,222058824
BERT (ISO+R155) -1.0 0,253393665 0,987341772 0,169906407 0,119174943 0,212678937
BERT (ISO+R155) -1.25 0,207498384 1 0,117350612 0,11416185 0,204928664
BGE-M3 2.0 0,897220427 0,069620253 0,991360691 0,47826087 0,121546961
BGE-M3 1.75 0,89010989 0,101265823 0,979841613 0,363636364 0,158415842
BGE-M3 1.5 0,875888817 0,17721519 0,955363571 0,311111111 0,225806452
BGE-M3 1.25 0,853910795 0,272151899 0,920086393 0,279220779 0,275641026
BGE-M3 1.0 0,819650937 0,386075949 0,868970482 0,251028807 0,304239401
BGE-M3 0.75 0,765998707 0,487341772 0,797696184 0,215083799 0,298449612
BGE-M3 0.5 0,704589528 0,658227848 0,709863211 0,205128205 0,312781955
BGE-M3 0.25 0,617970265 0,734177215 0,60475162 0,17443609 0,281895504
BGE-M3 0.0 0,543632838 0,82278481 0,51187905 0,160891089 0,269151139
BGE-M3 -0.25 0,464124111 0,879746835 0,416846652 0,146469968 0,251129178

Continued on next page
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E. Full Results from Factorial Experiments in Cycle 3

Embedding Threshold Accuracy Recall Specificity Precision F1-score
BGE-M3 -0.5 0,391725921 0,911392405 0,332613391 0,134453782 0,234336859
BGE-M3 -0.75 0,316095669 0,955696203 0,243340533 0,12562396 0,222058824
BGE-M3 -1.0 0,253393665 0,987341772 0,169906407 0,119174943 0,212678937
BGE-M3 -1.25 0,207498384 1 0,117350612 0,11416185 0,204928664

Table E.11: Experiments with Z-score threshold

Embedding Threshold Accuracy Recall Specificity Precision F1-score
BERT (ISO) 1 0,851971558 0,063291139 0,941684665 0,10989011 0,080321285
BERT (ISO) 2 0,803490627 0,113924051 0,881929446 0,098901099 0,105882353
BERT (ISO) 3 0,753716871 0,158227848 0,821454284 0,091575092 0,116009281
BERT (ISO) 4 0,70782159 0,221518987 0,763138949 0,096153846 0,134099617
BERT (ISO) 5 0,652876535 0,240506329 0,699784017 0,083516484 0,123980424
BERT (ISO) 6 0,606981254 0,303797468 0,641468683 0,087912088 0,136363636
BERT (ISO) 7 0,555914674 0,341772152 0,580273578 0,08477237 0,135849057
BERT (ISO) 8 0,512605042 0,417721519 0,523398128 0,090659341 0,148984199
BERT (ISO) 9 0,473173885 0,512658228 0,468682505 0,098901099 0,165813715
BERT (ISO) 10 0,429864253 0,588607595 0,411807055 0,102197802 0,174157303
BERT (ISO) 11 0,393018746 0,696202532 0,358531317 0,10989011 0,189818809
BERT (ISO) 12 0,349709114 0,772151899 0,301655868 0,111721612 0,1952
BERT (ISO) 13 0,311570782 0,873417722 0,247660187 0,116652578 0,205816555
BERT (ISO) 14 0,260504202 0,911392405 0,186465083 0,113029827 0,201117318
Instructor-XL 1 0,876535229 0,183544304 0,955363571 0,318681319 0,232931727
Instructor-XL 2 0,834518423 0,265822785 0,899208063 0,230769231 0,247058824
Instructor-XL 3 0,791208791 0,341772152 0,842332613 0,197802198 0,250580046
Instructor-XL 4 0,763413058 0,493670886 0,794096472 0,214285714 0,298850575
Instructor-XL 5 0,730446025 0,620253165 0,742980562 0,215384615 0,319738989
Instructor-XL 6 0,688429218 0,702531646 0,686825054 0,203296703 0,315340909
Instructor-XL 7 0,645119586 0,778481013 0,629949604 0,193092622 0,309433962
Instructor-XL 8 0,601809955 0,85443038 0,573074154 0,18543956 0,304740406
Instructor-XL 9 0,554621849 0,911392405 0,514038877 0,175824176 0,294779939
Instructor-XL 10 0,499676794 0,930379747 0,450683945 0,161538462 0,275280899
Instructor-XL 11 0,443438914 0,943037975 0,386609071 0,148851149 0,257118205
Instructor-XL 12 0,387201034 0,955696203 0,322534197 0,138278388 0,2416
Instructor-XL 13 0,332255979 0,974683544 0,259179266 0,130177515 0,229679344
Instructor-XL 14 0,2760181 0,987341772 0,195104392 0,12244898 0,217877095
LegalBERT 1 0,854557207 0,075949367 0,94312455 0,131868132 0,096385542
LegalBERT 2 0,807369101 0,132911392 0,884089273 0,115384615 0,123529412
LegalBERT 3 0,758888171 0,183544304 0,824334053 0,106227106 0,134570766
LegalBERT 4 0,722042663 0,291139241 0,771058315 0,126373626 0,176245211
LegalBERT 5 0,683904331 0,392405063 0,717062635 0,136263736 0,20228385
LegalBERT 6 0,645765999 0,493670886 0,663066955 0,142857143 0,221590909
LegalBERT 7 0,599870718 0,556962025 0,60475162 0,138147567 0,221383648
LegalBERT 8 0,553975436 0,620253165 0,546436285 0,134615385 0,221218962
LegalBERT 9 0,515837104 0,721518987 0,492440605 0,139194139 0,233367451
LegalBERT 10 0,463477699 0,753164557 0,430525558 0,130769231 0,222846442
LegalBERT 11 0,413703943 0,797468354 0,370050396 0,125874126 0,217428818
LegalBERT 12 0,379444085 0,917721519 0,318214543 0,132783883 0,232
LegalBERT 13 0,328377505 0,955696203 0,257019438 0,127641589 0,225205071
LegalBERT 14 0,2708468 0,962025316 0,192224622 0,119309262 0,212290503
BERT (ISO+R155) 1 0,885585003 0,227848101 0,960403168 0,395604396 0,289156627
BERT (ISO+R155) 2 0,861667744 0,398734177 0,914326854 0,346153846 0,370588235
BERT (ISO+R155) 3 0,827407886 0,518987342 0,862491001 0,3003663 0,380510441
BERT (ISO+R155) 4 0,78539108 0,601265823 0,806335493 0,260989011 0,363984674
BERT (ISO+R155) 5 0,745959922 0,696202532 0,75161987 0,241758242 0,358890701
BERT (ISO+R155) 6 0,702650291 0,772151899 0,69474442 0,223443223 0,346590909
BERT (ISO+R155) 7 0,650290886 0,803797468 0,632829374 0,199372057 0,319496855
BERT (ISO+R155) 8 0,60310278 0,860759494 0,573794096 0,186813187 0,306997743
BERT (ISO+R155) 9 0,552036199 0,898734177 0,512598992 0,173382173 0,290685773
BERT (ISO+R155) 10 0,499676794 0,930379747 0,450683945 0,161538462 0,275280899
BERT (ISO+R155) 11 0,447317388 0,962025316 0,388768898 0,151848152 0,262295082
BERT (ISO+R155) 12 0,389786684 0,96835443 0,323974082 0,14010989 0,2448
BERT (ISO+R155) 13 0,333548804 0,981012658 0,259899208 0,131022823 0,231170768
BERT (ISO+R155) 14 0,2760181 0,987341772 0,195104392 0,12244898 0,217877095
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E. Full Results from Factorial Experiments in Cycle 3

Embedding Threshold Accuracy Recall Specificity Precision F1-score
BGE-M3 1 0,884292178 0,221518987 0,959683225 0,384615385 0,281124498
BGE-M3 2 0,861667744 0,398734177 0,914326854 0,346153846 0,370588235
BGE-M3 3 0,826115061 0,512658228 0,861771058 0,296703297 0,37587007
BGE-M3 4 0,78280543 0,588607595 0,804895608 0,255494505 0,356321839
BGE-M3 5 0,753716871 0,734177215 0,755939525 0,254945055 0,378466558
BGE-M3 6 0,706528765 0,791139241 0,696904248 0,228937729 0,355113636
BGE-M3 7 0,655462185 0,829113924 0,635709143 0,205651491 0,329559748
BGE-M3 8 0,60310278 0,860759494 0,573794096 0,186813187 0,306997743
BGE-M3 9 0,553329024 0,905063291 0,513318934 0,174603175 0,292732856
BGE-M3 10 0,500969619 0,936708861 0,451403888 0,162637363 0,277153558
BGE-M3 11 0,447317388 0,962025316 0,388768898 0,151848152 0,262295082
BGE-M3 12 0,389786684 0,96835443 0,323974082 0,14010989 0,2448
BGE-M3 13 0,333548804 0,981012658 0,259899208 0,131022823 0,231170768
BGE-M3 14 0,2760181 0,987341772 0,195104392 0,12244898 0,217877095

Table E.12: Experiments with k-based cutoff

E.2 Factorial Experiments (Reranker)
Reranker Threshold Accuracy Recall Specificity Precision F1-score
qnli-electra-base 0.9 0,683904331 0,360759494 0,720662347 0,128089888 0,189054726
qnli-electra-base 0.85 0,659987072 0,367088608 0,693304536 0,119834711 0,180685358
qnli-electra-base 0.8 0,640594699 0,367088608 0,671706263 0,112840467 0,172619048
qnli-electra-base 0.75 0,627666451 0,379746835 0,655867531 0,111524164 0,172413793
qnli-electra-base 0.7 0,617970265 0,392405063 0,64362851 0,111310592 0,173426573
qnli-electra-base 0.65 0,606981254 0,405063291 0,629949604 0,110726644 0,173913043
qnli-electra-base 0.6 0,601163542 0,424050633 0,621310295 0,112984823 0,178428762
qnli-electra-base 0.55 0,589528119 0,443037975 0,606191505 0,113452188 0,180645161
qnli-electra-base 0.5 0,58177117 0,449367089 0,596832253 0,11251981 0,179974651
qnli-electra-base 0.45 0,574014221 0,46835443 0,586033117 0,114021572 0,183395291
qnli-electra-base 0.4 0,568842922 0,487341772 0,578113751 0,116138763 0,187576127
qnli-electra-base 0.35 0,561085973 0,506329114 0,567314615 0,117474302 0,190703218
qnli-electra-base 0.3 0,552682612 0,512658228 0,557235421 0,11637931 0,18969555
qnli-electra-base 0.25 0,539754363 0,525316456 0,541396688 0,115277778 0,189066059
qnli-electra-base 0.2 0,527472527 0,556962025 0,524118071 0,117489987 0,194046307
qnli-electra-base 0.15 0,513897867 0,575949367 0,506839453 0,117268041 0,194860814
qnli-electra-base 0.1 0,483516484 0,639240506 0,465802736 0,119810202 0,201798202
qnli-electra-base 0.05 0,430510666 0,721518987 0,397408207 0,119873817 0,205590622
qnli-electra-base 0.0 0,102133161 1 0 0,102133161 0,185337243
nli-deberta-base 0.9 0,895281189 0,037974684 0,992800576 0,375 0,068965517
nli-deberta-base 0.85 0,881060116 0,075949367 0,972642189 0,24 0,115384615
nli-deberta-base 0.8 0,864899806 0,17721519 0,94312455 0,261682243 0,211320755
nli-deberta-base 0.75 0,845507434 0,284810127 0,909287257 0,263157895 0,273556231
nli-deberta-base 0.7 0,826761474 0,481012658 0,866090713 0,290076336 0,361904762
nli-deberta-base 0.65 0,779573368 0,626582278 0,796976242 0,25984252 0,367346939
nli-deberta-base 0.6 0,725921138 0,746835443 0,723542117 0,235059761 0,357575758
nli-deberta-base 0.55 0,612152553 0,803797468 0,590352772 0,182471264 0,297423888
nli-deberta-base 0.5 0,502262443 0,886075949 0,458603312 0,156950673 0,266666667
nli-deberta-base 0.45 0,424046542 0,936708861 0,365730742 0,14382896 0,249368155
nli-deberta-base 0.4 0,347123465 0,955696203 0,277897768 0,13084922 0,230182927
nli-deberta-base 0.35 0,272139625 0,962025316 0,193664507 0,119496855 0,212587413
nli-deberta-base 0.3 0,230122818 0,981012658 0,144708423 0,115413254 0,206528981
nli-deberta-base 0.25 0,164835165 0,981012658 0,07199424 0,10734072 0,193508115
nli-deberta-base 0.2 0,122171946 0,987341772 0,023758099 0,103174603 0,186826347
nli-deberta-base 0.15 0,10989011 0,993670886 0,009359251 0,102413568 0,185688941
nli-deberta-base 0.1 0,105365223 0,993670886 0,004319654 0,101948052 0,184923439
nli-deberta-base 0.05 0,102133161 0,993670886 0,000719942 0,101618123 0,184380505
nli-deberta-base 0.0 0,102133161 1 0 0,102133161 0,185337243
bge-reranker-v2-m3 0.9 0,875888817 0,018987342 0,973362131 0,075 0,03030303
bge-reranker-v2-m3 0.85 0,837750485 0,082278481 0,923686105 0,109243697 0,093862816
bge-reranker-v2-m3 0.8 0,759534583 0,196202532 0,823614111 0,112318841 0,142857143
bge-reranker-v2-m3 0.75 0,634776988 0,379746835 0,663786897 0,113851992 0,175182482

Continued on next page
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E. Full Results from Factorial Experiments in Cycle 3

Reranker Threshold Accuracy Recall Specificity Precision F1-score
bge-reranker-v2-m3 0.7 0,521008403 0,582278481 0,514038877 0,119947849 0,198918919
bge-reranker-v2-m3 0.65 0,425339367 0,702531646 0,393808495 0,116474292 0,199819982
bge-reranker-v2-m3 0.6 0,356173239 0,778481013 0,308135349 0,113468635 0,198067633
bge-reranker-v2-m3 0.55 0,314156432 0,791139241 0,259899208 0,108412836 0,190694127
bge-reranker-v2-m3 0.5 0,277957337 0,841772152 0,213822894 0,108571429 0,192335503
bge-reranker-v2-m3 0.45 0,239172592 0,867088608 0,16774658 0,105955143 0,188835286
bge-reranker-v2-m3 0.4 0,193923723 0,879746835 0,115910727 0,101682516 0,182295082
bge-reranker-v2-m3 0.35 0,157724628 0,911392405 0,07199424 0,100488486 0,181018228
bge-reranker-v2-m3 0.3 0,132514544 0,936708861 0,041036717 0,1 0,180708181
bge-reranker-v2-m3 0.25 0,124111183 0,993670886 0,025197984 0,103904699 0,188136609
bge-reranker-v2-m3 0.2 0,11247576 0,993670886 0,012239021 0,102681491 0,186129223
bge-reranker-v2-m3 0.15 0,104718811 0,993670886 0,003599712 0,101881895 0,184814597
bge-reranker-v2-m3 0.1 0,102779573 1 0,000719942 0,102199224 0,185446009
bge-reranker-v2-m3 0.05 0,102779573 1 0,000719942 0,102199224 0,185446009
bge-reranker-v2-m3 0.0 0,102133161 1 0 0,102133161 0,185337243

Table E.13: Experiments with max-min normalized threshold

Reranker Threshold Accuracy Recall Specificity Precision F1-score
qnli-electra-base 2.0 0,897866839 0 1 nan nan
qnli-electra-base 1.75 0,897866839 0 1 nan nan
qnli-electra-base 1.5 0,897866839 0 1 nan nan
qnli-electra-base 1.25 0,711053652 0,316455696 0,755939525 0,128534704 0,182815356
qnli-electra-base 1.0 0,653522948 0,367088608 0,686105112 0,117408907 0,17791411
qnli-electra-base 0.75 0,625080802 0,386075949 0,652267819 0,112132353 0,173789174
qnli-electra-base 0.5 0,60310278 0,411392405 0,624910007 0,110921502 0,174731183
qnli-electra-base 0.25 0,583063995 0,443037975 0,598992081 0,111642743 0,178343949
qnli-electra-base 0.0 0,570135747 0,487341772 0,579553636 0,116490166 0,188034188
qnli-electra-base -0.25 0,553329024 0,512658228 0,557955364 0,116546763 0,189917937
qnli-electra-base -0.5 0,527472527 0,556962025 0,524118071 0,117489987 0,194046307
qnli-electra-base -0.75 0,479638009 0,651898734 0,460043197 0,120750293 0,203758655
qnli-electra-base -1.0 0,102133161 1 0 0,102133161 0,185337243
qnli-electra-base -1.25 0,102133161 1 0 0,102133161 0,185337243
qnli-electra-base -1.5 0,102133161 1 0 0,102133161 0,185337243
qnli-electra-base -1.75 0,102133161 1 0 0,102133161 0,185337243
qnli-electra-base -2.0 0,102133161 1 0 0,102133161 0,185337243
nli-deberta-base 2.0 0,888170653 0,056962025 0,982721382 0,272727273 0,094240838
nli-deberta-base 1.75 0,87394958 0,094936709 0,962562995 0,223880597 0,133333333
nli-deberta-base 1.5 0,860374919 0,196202532 0,935925126 0,258333333 0,223021583
nli-deberta-base 1.25 0,846800259 0,297468354 0,909287257 0,271676301 0,283987915
nli-deberta-base 1.0 0,828054299 0,481012658 0,867530598 0,292307692 0,363636364
nli-deberta-base 0.75 0,787330317 0,601265823 0,80849532 0,263157895 0,366088632
nli-deberta-base 0.5 0,746606335 0,734177215 0,748020158 0,248927039 0,371794872
nli-deberta-base 0.25 0,661279897 0,784810127 0,647228222 0,201954397 0,321243523
nli-deberta-base 0.0 0,555268261 0,85443038 0,521238301 0,16875 0,281837161
nli-deberta-base -0.25 0,468648998 0,898734177 0,419726422 0,14978903 0,256781193
nli-deberta-base -0.5 0,398836458 0,936708861 0,337652988 0,138576779 0,241435563
nli-deberta-base -0.75 0,327731092 0,955696203 0,256299496 0,127533784 0,225037258
nli-deberta-base -1.0 0,269553975 0,962025316 0,190784737 0,119122257 0,211994421
nli-deberta-base -1.25 0,23335488 0,981012658 0,148308135 0,115844544 0,207219251
nli-deberta-base -1.5 0,179056238 0,981012658 0,087832973 0,109001406 0,196202532
nli-deberta-base -1.75 0,133807369 0,987341772 0,036717063 0,104417671 0,188861985
nli-deberta-base -2.0 0,113768584 0,993670886 0,013678906 0,102815979 0,186350148
bge-reranker-v2-m3 2.0 0,897220427 0 0,999280058 0 nan
bge-reranker-v2-m3 1.75 0,893341952 0 0,994960403 0 nan
bge-reranker-v2-m3 1.5 0,881060116 0,006329114 0,980561555 0,035714286 0,010752688
bge-reranker-v2-m3 1.25 0,853910795 0,056962025 0,944564435 0,104651163 0,073770492
bge-reranker-v2-m3 1.0 0,805429864 0,139240506 0,881209503 0,117647059 0,127536232
bge-reranker-v2-m3 0.75 0,717517776 0,291139241 0,766018719 0,123989218 0,173913043
bge-reranker-v2-m3 0.5 0,613445378 0,430379747 0,634269258 0,118055556 0,185286104
bge-reranker-v2-m3 0.25 0,51195863 0,588607595 0,503239741 0,118773946 0,197662062
bge-reranker-v2-m3 0.0 0,429217841 0,702531646 0,39812815 0,117212249 0,200904977
bge-reranker-v2-m3 -0.25 0,366515837 0,772151899 0,32037437 0,114446529 0,199346405
bge-reranker-v2-m3 -0.5 0,32449903 0,791139241 0,271418287 0,109938434 0,193050193

Continued on next page
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E. Full Results from Factorial Experiments in Cycle 3

Reranker Threshold Accuracy Recall Specificity Precision F1-score
bge-reranker-v2-m3 -0.75 0,292824822 0,803797468 0,234701224 0,106722689 0,1884273
bge-reranker-v2-m3 -1.0 0,261797027 0,85443038 0,194384449 0,107655502 0,19121813
bge-reranker-v2-m3 -1.25 0,222365869 0,867088608 0,149028078 0,103866566 0,185511171
bge-reranker-v2-m3 -1.5 0,186166774 0,879746835 0,107271418 0,100797679 0,180871828
bge-reranker-v2-m3 -1.75 0,156431803 0,911392405 0,070554356 0,100348432 0,18079096
bge-reranker-v2-m3 -2.0 0,133807369 0,936708861 0,042476602 0,100135318 0,180929095

Table E.14: Experiments with Z-score threshold

Reranker Threshold Accuracy Recall Specificity Precision F1-score
qnli-electra-base 1 0,866192631 0,132911392 0,949604032 0,230769231 0,168674699
qnli-electra-base 2 0,821590175 0,202531646 0,892008639 0,175824176 0,188235294
qnli-electra-base 3 0,773109244 0,253164557 0,83225342 0,146520147 0,185614849
qnli-electra-base 4 0,724628313 0,303797468 0,7724982 0,131868132 0,183908046
qnli-electra-base 5 0,676147382 0,35443038 0,712742981 0,123076923 0,182707993
qnli-electra-base 6 0,628959276 0,411392405 0,653707703 0,119047619 0,184659091
qnli-electra-base 7 0,588235294 0,5 0,598272138 0,124018838 0,198742138
qnli-electra-base 8 0,546218487 0,582278481 0,542116631 0,126373626 0,207674944
qnli-electra-base 9 0,50937298 0,689873418 0,488840893 0,133089133 0,223132037
qnli-electra-base 10 0,463477699 0,753164557 0,430525558 0,130769231 0,222846442
qnli-electra-base 11 0,416289593 0,810126582 0,371490281 0,127872128 0,220880069
qnli-electra-base 12 0,363930187 0,841772152 0,309575234 0,121794872 0,2128
qnli-electra-base 13 0,316742081 0,898734177 0,250539957 0,120033812 0,211782252
qnli-electra-base 14 0,266968326 0,943037975 0,190064795 0,116954474 0,208100559
qnli-electra-base 15 0,21460892 0,974683544 0,128149748 0,112820513 0,202232436
qnli-electra-base 16 0,159663866 0,993670886 0,064794816 0,10782967 0,194547708
qnli-electra-base 17 0,102133161 1 0 0,102133161 0,185337243
nli-deberta-base 1 0,87394958 0,170886076 0,953923686 0,296703297 0,21686747
nli-deberta-base 2 0,850032321 0,341772152 0,907847372 0,296703297 0,317647059
nli-deberta-base 3 0,83904331 0,575949367 0,868970482 0,333333333 0,422273782
nli-deberta-base 4 0,806076277 0,702531646 0,817854572 0,304945055 0,425287356
nli-deberta-base 5 0,760180995 0,765822785 0,759539237 0,265934066 0,394779772
nli-deberta-base 6 0,70782159 0,797468354 0,69762419 0,230769231 0,357954545
nli-deberta-base 7 0,65675501 0,835443038 0,636429086 0,20722135 0,332075472
nli-deberta-base 8 0,606981254 0,879746835 0,575953924 0,190934066 0,313769752
nli-deberta-base 9 0,554621849 0,911392405 0,514038877 0,175824176 0,294779939
nli-deberta-base 10 0,502262443 0,943037975 0,45212383 0,163736264 0,279026217
nli-deberta-base 11 0,446024564 0,955696203 0,388048956 0,150849151 0,260569456
nli-deberta-base 12 0,388493859 0,962025316 0,32325414 0,139194139 0,2432
nli-deberta-base 13 0,332255979 0,974683544 0,259179266 0,130177515 0,229679344
nli-deberta-base 14 0,274725275 0,981012658 0,194384449 0,12166405 0,216480447
nli-deberta-base 15 0,215901745 0,981012658 0,12886969 0,113553114 0,203545634
nli-deberta-base 16 0,159663866 0,993670886 0,064794816 0,10782967 0,194547708
nli-deberta-base 17 0,102133161 1 0 0,102133161 0,185337243
bge-reranker-v2-m3 1 0,850678733 0,056962025 0,940964723 0,098901099 0,072289157
bge-reranker-v2-m3 2 0,808661926 0,139240506 0,884809215 0,120879121 0,129411765
bge-reranker-v2-m3 3 0,76664512 0,221518987 0,828653708 0,128205128 0,162412993
bge-reranker-v2-m3 4 0,720749838 0,284810127 0,770338373 0,123626374 0,172413793
bge-reranker-v2-m3 5 0,673561732 0,341772152 0,711303096 0,118681319 0,176182708
bge-reranker-v2-m3 6 0,622495152 0,379746835 0,650107991 0,10989011 0,170454545
bge-reranker-v2-m3 7 0,57918552 0,455696203 0,593232541 0,113029827 0,181132075
bge-reranker-v2-m3 8 0,533290239 0,518987342 0,534917207 0,112637363 0,18510158
bge-reranker-v2-m3 9 0,486102133 0,575949367 0,475881929 0,111111111 0,186284545
bge-reranker-v2-m3 10 0,444085326 0,658227848 0,419726422 0,114285714 0,194756554
bge-reranker-v2-m3 11 0,39948287 0,727848101 0,36213103 0,114885115 0,198446937
bge-reranker-v2-m3 12 0,360051713 0,82278481 0,307415407 0,119047619 0,208
bge-reranker-v2-m3 13 0,319327731 0,911392405 0,251979842 0,121724429 0,214765101
bge-reranker-v2-m3 14 0,266968326 0,943037975 0,190064795 0,116954474 0,208100559
bge-reranker-v2-m3 15 0,210730446 0,955696203 0,125989921 0,110622711 0,198292843
bge-reranker-v2-m3 16 0,157078216 0,981012658 0,063354932 0,106456044 0,192069393
bge-reranker-v2-m3 17 0,102133161 1 0 0,102133161 0,185337243

Table E.15: Experiments with k-based cutoff
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E. Full Results from Factorial Experiments in Cycle 3

E.3 Factorial Experiments (Large Language Model)
LLM Reas-

oning
Thres-
hold

Accuracy Recall Specificity Precision F1-score

Llama-3.3-70b No 0 0,335488041 0,772151899 0,285817135 0,10951526 0,191823899
Llama-3.3-70b No 1 0,396250808 0,746835443 0,35637149 0,116600791 0,201709402
Llama-3.3-70b No 2 0,699418229 0,512658228 0,720662347 0,172707889 0,258373206
Llama-3.3-70b No 3 0,87136393 0,202531646 0,947444204 0,304761905 0,243346008
Llama-3.3-70b Yes 0 0,192630899 0,981012658 0,102951764 0,110635261 0,198845414
Llama-3.3-70b Yes 1 0,400129282 0,873417722 0,346292297 0,131931166 0,22923588
Llama-3.3-70b Yes 2 0,666451196 0,664556962 0,666666667 0,184859155 0,289256198
Llama-3.3-70b Yes 3 0,855850032 0,221518987 0,92800576 0,259259259 0,23890785
Deep-seek-r1-70b No 0 0,288946348 0,797468354 0,231101512 0,105527638 0,186390533
Deep-seek-r1-70b No 1 0,351001939 0,765822785 0,303815695 0,111213235 0,194221509
Deep-seek-r1-70b No 2 0,595992243 0,658227848 0,588912887 0,154074074 0,24969988
Deep-seek-r1-70b No 3 0,800258565 0,411392405 0,844492441 0,231316726 0,296127563
Deep-seek-r1-70b Yes 0 0,2708468 0,898734177 0,199424046 0,11323764 0,201133144
Deep-seek-r1-70b Yes 1 0,363930187 0,860759494 0,307415407 0,123861566 0,21656051
Deep-seek-r1-70b Yes 2 0,645765999 0,664556962 0,64362851 0,175 0,277044855
Deep-seek-r1-70b Yes 3 0,804783452 0,35443038 0,856011519 0,21875 0,270531401

Table E.16: Experiments with confidence threshold

E.4 Factorial Experiments (Full)
HyDE Rera-

nking
Reas-
oning

Accuracy Recall Specificity Precision F1-score

No No No 0,772462831 0,575949367 0,794816415 0,242021277 0,34082397
Yes No No 0,771816419 0,575949367 0,794096472 0,24137931 0,340186916
No Yes No 0,809954751 0,727848101 0,819294456 0,31420765 0,438931298
Yes Yes No 0,810601164 0,727848101 0,820014399 0,315068493 0,439770554
No No Yes 0,776341306 0,575949367 0,799136069 0,245945946 0,34469697
Yes No Yes 0,775694893 0,569620253 0,799136069 0,243902439 0,341555977
No Yes Yes 0,813833226 0,708860759 0,825773938 0,316384181 0,4375
Yes Yes Yes 0,813833226 0,708860759 0,825773938 0,316384181 0,4375

Table E.17: Experiments with confidence threshold
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