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Abstract
This work explores knowledge acquisition and representation tools for automatically creating a high-level model
representation of the European regulation on artificial intelligence, commonly known as AI ACT. We utilized
BERTopic for extracting topics and we also focused on the comparative analysis with other language models
based on the topic extractions and representations. Natural language processing and comprehension of legal text
is becoming important as legal texts are often interconnected with a large number of other related materials.
Therefore, legal text analysis requires technologies which are able to extract important topics and representing
them into a comprehensive form, in order to correctly inform the requirements engineering process.
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1. Introduction

The EU digital strategies are becoming very important for software engineers as they concern any
software services offered in the European Union. Nowadays, people and businesses outside the EU may
be subject to General Data Protection Regulation (GDPR) obligations and this is also the case with the
Digital Markets Act (DMA), Digital Services Act (DSA), and the Artificial Intelligence Act (AI Act).

The sanctions for non-compliance are significant: they are frequently expressed as a percentage of
annual global revenues (up to 10% in the case DMA, 6% under the DSA and draft AI Act, and 2.5% under
the proposed Cyber Resilience Act). Therefore, software systems that interact with personal or sensitive
information must be designed with compliance in mind from the outset.

In order to simplify the understanding of legal requirements it is useful to summarize them into a
higher-level representation that can highlight the important concepts and relationships into a sort of
reusable knowledge.

In this work, we are applying topic modelling on the The Artificial Intelligence Act [1], also known
as the AI Act i.e., the world’s first statutory law proposal for regulating AI systems. The AI Act aims
to ensure that AI systems in the EU are safe and respectful of fundamental rights and values. Its
application extends beyond EU-based organizations and regards any AI provider, importer, distributor,
or authorized representative within the EU. The expected impact of the AI Act is enormous [2], and
the United Nations moves towards a globally coordinated AI governance [3], as AI raises concerns not
only for data protection but also transparency [4], fairness [5], information privacy, and freedom of
expression [6].

The paper is structured as follows: Section II sets the background, presenting the AI Act’s risk based
approaches and the related works. Section III presents the proposed topic modelling methodology,
Section IV describe the results, while Section V concludes the paper with some future directions.
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2. Background

Our aim is using topic modelling on a legal text, with particular focus on EU directives that are affecting
software systems and services, and we used the EU AI Act as a case study, as recent works on AI Act
compliance showed the limits of manual elicitation and validation of requirements from a huge corpora
of legal text [7].

2.1. The AI ACT

The AI Act is part of a broader EU strategy designed to enhance Europe’s potential to compete globally
in regulating the digital sector. A number of proposed laws would establish regulatory bodies at the
EU and member state level, with broad investigative and enforcement powers, including an European
Artificial Intelligence Board to oversee the AI Act, while a European Board for Digital Services is
responsible for the Digital Services Act.

The AI Act proposal delineates four distinct risk categories and sets specific requirements accordingly.
These categories are:

• Unacceptable Risk (Title II - Art. 5 and following);
• High Risk (Title III - Art. 6 and following);
• Limited Risk (Art. 52);
• Minimal Risk / No Risk;

Companies developing or deploying high-risk AI systems must comply with various requirements,
including having an appropriate risk management system, logging capabilities, and human oversight
(see Chapter 2 of the AI Act). For systems deemed to pose an unacceptable risk, which is outright
prohibited, the Act provides explicit examples and exceptions, including the utilization of real-time
remote biometric identification in public spaces (such as facial recognition), social scoring systems
(classifying individuals based on behaviour, socio-economic status, or personal characteristics), and the
use of subliminal manipulation techniques targeting specific vulnerable groups (Art. 5).

High-risk systems are permitted, but due to their ability to negatively affect safety or fundamental
rights, they must comply with multiple requirements and undergo a compliance assessment throughout
their life cycle, including before and after being deployed. High-risk systems are further divided into
two categories (Art. 6, Annexes II and III):

• AI systems intended to serve as safety components in products covered by the legislation listed
in Annex II, or subject to third-party ex-ante conformity assessment (e.g., toys, aviation, cars,
medical devices, and lifts).

• Stand-alone AI systems with mainly fundamental rights implications, listed in Annex III, that
will have to be registered in an EU database.

Examples of high-risk systems include those related to critical infrastructure management, systems
in hiring processes or employee ratings, credit scoring systems, and systems with critical impact on
law enforcement and interpretation of law. The recent division of AI Act includes the AI systems
into three main risk categories for compliance purposes: Unacceptable, High, and General Purpose AI
(GPAI). Originally, Limited and Minimal Risk were separate categories, but the final version affiliates
these into general guidelines with minimal obligations. The compromise agreement dated 26th January
2024 formally introduces GPAI models (Articles 52a–52e), whose risk-level needs to be assessed on a
case-by-case basis.

Similar to the GDPR, proper data governance must be applied to users’ (and, more broadly, data
subjects’) data, but, in comparison to the data protection regulatory framework, the AI Act goes further
by requiring data governance for data used in the training, testing, and validation of AI systems.



2.2. Related work

Topic modelling is used to extract common themes or to cluster similar documents, often serving
as a foundation for more complex NLP tasks in the legal domain, such as retrieving similar cases or
classifying legal documents. It can also assist legal experts in the annotation of legal texts by providing a
preliminary grouping of related materials, thereby improving efficiency for a labour and time-intensive
task. Alternatively, topic modelling can be used to enhance datasets manually curated by experts,
leading to improved accuracy in document classification [8]. It is also a relevant methodology to
automatically annotate metadata as demonstrated by Tuarob et al. [9].

More broadly, topic modelling contributes to ongoing efforts to leverage NLP techniques for the
analysis and management of legal texts (for a complete overview of the field see this survey: [10]),
or what has been called Legal AI [11]. Topic modelling of legal texts can be done in various ways.
A standard approach is based on Latent Dirichlet Allocation (LDA) techniques [12, 13], a generative
approach that models words in documents as being probabilistically sampled from underlying latent
variables [14].

A more recent approach is based on clustering approaches over vector representation of the text
(embeddings), where the vectors are created using transformer-based models [15, 16]. Cabot et al. [17]
have proposed a method to verify GDPR compliance in data processing agreements using NLP to
compare contractual language with mandatory legal provisions. Similarly, Lippi et al. [18] introduced
a new framework that uses machine learning and NLP techniques to evaluate legal compliance by
automatically extracting processes for obligations and constraints from the regulatory texts. Natural
Language Processing (NLP) approaches to the analysis of legal documents have largely relied on topic
modelling. Motivated by the overabundance of often interlinked materials, this technique has been
applied across various pieces of legislation ranging from court decisions [19] to national and regional
statutory laws [20, 21].

A recent study investigated the effectiveness of combining topic modelling techniques with contex-
tualized embeddings and various preprocessing strategies to organize and analyse large collections
of Brazilian legal documents across diverse formats and lengths [22]. Another related study applies
topic modelling to improve the semantic retrieval and summarization of court judgments, enabling
more effective matching of user queries and highlighting the most relevant content to enhance search
efficiency and user understanding [23].

Our work applies and compares topic modelling techniques to the analysis of the European AI
Act, with the aim of exploring how extracted topics could be used to represent the legal text and,
possibly, support preliminary phases of legal compliance. For example, topic modelling could serve
as a foundation for creating or extending legal ontologies or for building structured representations
of legal texts that support machine-readable compliance frameworks, similar to approaches used for
cybersecurity regulation in IoT governance [24].

3. Methodology

In our work, the pipeline adopted to retrieve the topic from the whole legal text is divided into the
following two main steps:

1. Segmentation: The text was segmented into shorter passages to serve as input for topic modelling.
2. topic modelling: We applied a topic modelling approach to cluster similar chunks of the legal text

and present them with a human-understandable representation.

For the segmentation step, we applied three different approaches in order to produce different topic
representations of the whole original text.

We design our experiments to mimic what an average skilled practitioner might want to apply to
create a topical representation of a legal text, and therefore we employ techniques that are widely
adopted among the machine-learning community and that are easily accessible. In particular, to perform



topic modelling we applied: Latent Dirichlet Allocation (LDA) [14], BERTopic [25]; and Large Language
Models (LLMs) [26] prompting technique, specifically ChatGPT 4o[27].

3.1. Text segmentation

To prepare the dataset for topic modelling, we split the text of the AI Act into small chunks from the
official web page of the legislation 1. By examining the HTML structure of the document, we devised a
hierarchical division, where nested tags represented different levels of paragraphs. First we separated
the recitals, enacting terms, and annexes. When present, we further divided the content into chapters
and sections based on the document structure. The individual articles were easily identifiable, as they
were enclosed in div tags, and their internal structure followed three distinct levels of depth using
table and p tags. The final output was a table in which each row contained a paragraph along with its
corresponding metadata (e.g. the part and article it belongs to) and a unique identifier. We chose the
numbered paragraph as the unit of our topic analysis, as it represents a coherent piece of text conveying
self-contained semantics. A summary of the dataset’s statistics is presented in Table 1.

Table 1
Relevant statistics of the segmented legal text.
The average, minimum, and maximum length refer to the numbered paragraphs.

Part Articles Paragraphs Avg. Length Min Length Max Length
1 180 1810 1254.97 140 4043
2 113 634 447.4 8 4650
3 13 150 286.52 5 2705

3.2. Topic modelling

We assume that the segmentation technique employed outputs a set of paragraphs {𝑝𝑖}𝑃𝑖=0, where 𝑝𝑖
represents the 𝑖-the paragraph, and 𝑃 is the total number of paragraphs; in our case, 𝑃 = 2594. Note
that these correspond to the numbered paragraphs in the text of the AI Act. We assume that each 𝑝𝑖 can
be associated with at least one topic, and to allow the comparison between different topic modelling
strategies, we further assume that each paragraph 𝑝𝑖 can be broadly represented with only one topic 𝑡𝑖,
with 1 ≤ 𝑖 ≤ 𝑇 , where 𝑇 is the total number of topic present in the collection of paragraphs. Thus, we
define a topic modelling technique as a function 𝑀 which, given a paragraph 𝑝𝑖, returns a topic 𝑡𝑖, i.e.,
𝑀(𝑝𝑖) = 𝑡𝑖. In the following subsections, we provide a brief description of the three methods adopted.

LDA LDA is a standard technique used to perform topic modelling presented for the first time by
Blei et al. [28] in 2001, and it is still considered one of the main baselines to be used in a comparative
analysis and a vast literature of applications and improved implementation has been developed during
recent years [29].

LDA, using a standard statistical terminology, is a mixture model, in which each document (or
paragraph) is a mixture of topics, and each topic is a mixture of words. The model is usually described as
a Bayesian Network, and in our experiments, we adopted an online variational Bayes algorithm [30] to
approximate the target posterior distributions using the implementation provided by scikit-learn [31].

It should be noted that LDA does not associate a single topic with each paragraph, but instead, a
probability distribution of topics is associated. However, to allow a better comparison with the other
strategies, we pick the topic with the highest probability as the topic associated with the paragraph.
Formally, if 𝐿𝐷𝐴(𝑝𝑖, 𝑡𝑗) is the LDA function that estimates the probability that the topic 𝑡𝑗 is present
in a specific paragraph 𝑝𝑖. Thus, given a paragraph 𝑝, topic model based on LDA 𝑀𝐿𝐷𝐴 associates the

1https://eur-lex.europa.eu/legal-content/EN/TXT/HTML/?uri=OJ:L_202401689
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topic with the highest probability among all the available topic:

𝑀𝐿𝐷𝐴(𝑝) = argmax
𝑡𝑖

𝐿𝐷𝐴(𝑝, 𝑡𝑗) with 1 ≤ 𝑗 ≤ 𝑇

BERT Topic The BERT Topic[25] approach is instead based on the assumption that the vector
representation produced by an encoder-only pre-trained language model as BERT, can represent the
paragraphs semantically in the vector space created at the end of the encoding phase.

In particular, BERT Topic assigns topics to a set of paragraphs employing the following steps:

1. The paragraphs are encoded into the vector space (also called embedding space).
2. The embeddings are down-projected to a lower-dimensional space.
3. The down-projected embeddings are clustered together using a specific similarity measure be-

tween vectors.
4. A representation for each cluster is provided to the end user.

For the first step we used the default SBERT model to generate the embeddings of the documents. For
the second step we decided to use CountVectorizer from scikit-learn removing English stop words. For
the third step, we used K-means, experimenting with different numbers of clusters and selecting the
one that yielded the highest in-group similarity.

LLM Prompting The last strategy we explored leverages the direct use of a large language model
(LLM) to assign topics to each paragraph through prompt engineering. In this case, we employed
ChatGPT-4o. The motivation for adopting this approach lies in its accessibility: unlike traditional topic
modelling algorithms, which often require technical expertise for data preparation, parameter tuning,
and model evaluation, an LLM-based solution can, in principle, be used by any layperson without
specialized knowledge. Through a simple natural language prompt, non-experts can obtain a high-level
overview of the topics addressed in the AI Act, as well as identify where these topics are discussed
across the text. So in our research we wanted to simulate this possibility and compare it with the other
methods. For this experiment, we provided ChatGPT-4o with the following instruction: “Perform topic
modelling of the column ’text’ of the attached data file in CSV format and provide the result of the topic
modelling in a CSV format including topic number, keywords, and number of documents associated.”
Notably, we did not supply any example of the expected output format but the model successfully
produced the requested results in the desired structure.

4. Experimental evaluation

All experiments were conducted using the Python programming language, employing several libraries
to facilitate model implementation and evaluation. For the BERTopic-based approach, we utilized
the BERTopic library, with KMeans as the clustering algorithm and CountVectorizer (both from the
scikit-learn library) employed for vectorization, removing English stop words from the input.

For the Latent Dirichlet Allocation (LDA) model, we also relied on the implementation provided by
scikit-learn. Hyperparameters such as the maximum number of iterations and the learning method
were optimized through empirical testing across multiple runs.

To determine the optimal number of topics for both BERTopic and LDA, we developed a heuristic
algorithm that systematically evaluated cluster sizes ranging from 5 to 10. For each candidate number of
clusters, we computed a cohesion score based on the average pairwise similarity of the topic keywords.
Specifically, we encoded the keywords using Sentence Transformer embeddings and calculated their
cosine similarity, subsequently averaging these scores for each topic and across all topics at a given
cluster size. The number of topics yielding the highest average similarity score was selected, as it
indicates more internally coherence.

In the case of ChatGPT-4o, no constraints were imposed on the number of topics. The large language
model was prompted directly and allowed to determine both the number of topics and their composition



based on its internal understanding of the text. Following topic assignment at the paragraph level,
post-processing was performed using the Pandas library to aggregate the results by topic, enabling
consistent comparison with the outputs generated by the other methodologies.

4.1. Analysis of results

We decided to present results as top ten keywords per topic as shown in Table II.

Table 2
Top 10 keywords for each topic by the different methodology implemented

BERT LDA GPT

Topic 1 ai, systems, highrisk, union, regula-
tion, persons, shall, use, data, law

market, model, provider, general,
high, systems, shall, purpose, risk,
ai

model, data, purpose, general, mod-
els, training, including, used, infor-
mation, content

Topic 2
shall, notified, body, assessment,
conformity, commission, bodies,
member, provider, requirements

biometric, behalf, natural, content,
ai, offences, enforcement, law, crim-
inal, person

systems, risk, high, regulation, test-
ing, providers, including, market,
union, relevant

Topic 3
surveillance, authorities, shall, mar-
ket, regulation, testing, ai, author-
ity, regulatory, conditions

techniques, objectives, inputs, out-
puts, rights, data, content, systems,
text, ai

regulation, shall, union, european,
authorities, commission, article, na-
tional, systems, member

Topic 4
ai, model, generalpurpose, models,
office, systemic, including, informa-
tion, ageneralpurpose, shall

intended, use, data, shall, used, per-
sons, high, risk, systems, ai

systems, persons, data, law, use,
natural, used, biometric, identifica-
tion, personal

Topic 5
eu, council, parliament, european,
regulation, oj, delegated, acts, shall,
commission

whichever, higher, preceding,
turnover, worldwide, trafficking,
illicit, tfeu, eur, 000

shall, article, risk, referred, provider,
high, notified, market, conformity,
assessment

Topic 6
biometric, identification, use, data,
law, remote, systems, enforcement,
realtime, purpose

carrying, activities, type, entity, reg-
ulation, military, national, defence,
security, purposes

-

Topic 7 -
enforcement, shall, administrative,
authorisation, systems, remote, law,
biometric, identification, use

-

Topic 8 -
assessment, surveillance, body,
member, authority, commission,
referred, notified, article, shall

-

Topic 9 -
2008, 2014, european, 2017, repeal-
ing, parliament, amending, council,
ec, oj

-

Topic 10 -
authorities, systems, law, european,
union, ai, data, article, regulation,
eu

-

The distribution of topics for each methodology is shown in Figure 1. The three approaches produced
a different number of topics: BERTopic generated 6 topics, LDA produced 10 topics, and ChatGPT
identified 5 topics. As can be observed, the BERTopic model produces an almost uniform distribution
across topics, with the exception of Topic 1, which contains a significantly higher number of paragraphs
compared to the others. ChatGPT yields similar results, although two of its topics include more than
250 paragraphs each. Conversely, the LDA model generates the highest number of topics, resulting in a
more uneven distribution: Topic 1 includes approximately 300 paragraphs, while Topics 5 and 6 contain
fewer than 10 paragraphs each.

A preliminary qualitative analysis of the identified topics and their corresponding clustered para-
graphs revealed mixed results. The topic modelling outcomes were manually examined and discussed
in meetings among the authors. A more in-depth analysis (e.g., through coding and thematic analysis)
is planned for future work to obtain more fine-grained insights into the results of the topic modelling
techniques. Qualitative analysis suggests that, in some cases, the topic keywords were well-aligned with
the content of the assigned paragraphs, indicating meaningful and coherent clusters. For example, in
the case of Topic 6 from the LDA division, the content of paragraph 3 of article 2 shows high coherence
with the identified keywords. However, for other topics, the clustered paragraphs were considerably
more heterogeneous, suggesting that the models may have grouped together paragraphs covering



Figure 1: The distribution of paragraphs for each topic found by the various methodologies (note that the
number of topics varies among them).

diverse or loosely related content under a single topic label. For instance, recital 98 states: “Large
generative AI models are a typical example of a general-purpose AI model, given that they allow for
flexible generation of content, such as in the form of text, audio, images or video, that can readily
accommodate a wide range of distinctive tasks.” This paragraph was grouped under Topic 5, even
though none of the top keywords appeared in the text and its content lacked coherence with the other
documents assigned to that topic.

5. Conclusion and Future work

In this paper, we propose a method to perform topic mining on the legal articles of the AI Act European
Directive. We used BERT, LDA and GPT methods to do topic analysis, with the goal of analysing
legal requirements using a higher level representation. Our goals were also to compare different topic
modelling approaches in order to test their behaviour on the same task and assess their limits. Building
on approaches such as those proposed by Hagen et al.[13], domain experts could assess both the
quality of the generated topic keywords and the coherence between these keywords and the associated
paragraphs.

Qualitative analysis has been used to create formal taxonomies out of cybersecurity reports in natural
language [32]. Similarly, automated topic modelling could support the development of such formal
representations for cybersecurity [33], but also for legal texts, such as the AI Act. This hybrid approach
may serve as a premise for constructing a structured knowlede sege base that facilitates systematic
exploration of the regulation’s thematic content. Additionally, topic modelling aims to be applied on
other legal directives such as NIS2, cyber-resilience etc. as well as software requirement specifications
of different enterprises. The methodologies of this work could also be employed as groundworks for
other tasks, such as semantic search as proposed by Ma et al. [34], summarization as done by Haghighi
et al. [35], or as a guiding tool in the construction of knowledge graphs from the AI ACT and other legal
directives [36], in order to improve the translation from unstructured text to data model for requirement
compliance analysis.
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