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Abstract

Hate speech has long been a prevalent issue offline, but with the rise of the internet
and social media, its spread has accelerated. The anonymity afforded by these
platforms enables individuals to engage in hate speech often without facing sub-
stantial consequences. This not only jeopardizes the civility of online communities
but also takes a toll on the mental well-being of those targeted. As technology
continues to evolve, new opportunities arise to tackle this problem, particularly
through the use of natural language processing (NLP). NLP technology can help
automate processes that have traditionally been done manually, such as flagging
hate speech in online content. Yet, many issues remain unresolved before we
can achieve efficient hate speech detection systems. These include foundational
challenges, such as defining hate speech, as well as issues that arise at the end of
an NLP pipeline, such as evaluating whether a model can generalize when using
different data. Additionally, the issue of bias in models poses a significant chal-
lenge, as biased training data can lead to inaccurate or unfair results. In this thesis,
I will focus on addressing these issues. First, I examine the definitions of hate
speech and related concepts like toxicity and abusive language, and their impact on
re-annotated datasets. I then compare the original and re-annotated labels in terms
of robustness and generalization using a BERT-based classifier. Next, I explore the
use of hate speech legislation from three countries for annotation, expanding the
task of hate speech detection to prosecutable hate speech detection. The results
show even law interpretation can be subjective, which has a consequent effect
on model training and evaluation. To address this issue, I introduce a semantic
componential analysis of hate speech definitions, leading to the creation of the Hat-
eDefCon corpus—450 definitions and an annotation framework for cross-domain
and cross-cultural analysis. Staying on the topic of cross-culturality, I present a
pipeline for generating parallel multilingual hate speech corpora and discuss the
associated challenges. The thesis concludes with an examination of textual biases
based on the psycholinguistic aspects of harmful language.



Vi



Contents

[List of Figures|

4

2~ Background

21

Defining Hate Speech| . . . . . .. ... ... ... .. ......

[2.1.1 ~ Hate Speech and Related Concepts|. . . . . . . ... ...
[2.1.2  Legal Frameworks of Hate Speech| . . . . . . .. .. ...
[2.1.3  Linguistic Attributes of Hate Speech|. . . . . . .. .. ..

n2

Supervised Learning| . . . . ... .. ... ... ... ...,

[2.2.2  Pretrained Language Models| . . . . . .. ... ... ...
[2.2.3  Large Language Models| . . . . ... ... ... .. ...

3 Related Workl

B

Annotation Methods for Hate Speech|. . . . . ... ... .. ...

3.1.1 Annotator Selection|. . . . . . . . ... .. ...
[3.1.2 Definng the Taskl . . . ... ... ... ... .......
[3.1.3  Annotator Bias in Harmful Language Detection| . . . . . .
[3.1.4  “lext Aspects and Annotator Perception| . . . . . ... ..

vil

xi

xiii

15
16
17
17
19
21

23
23
23
26
27
28
29
33
34
35



viii CONTENTS
[3.2  Hate Speech Detection| . . . . . ... ... ... ......... 45
[3.2.1 PLM Approaches for Hate Speech Detection| . . . . . . . 45

[3.2.2  LLMs for Hate Speech Detection| . . . . . ... .. ... 46

[3.2.3  Generalizability in Hate Speech Detection|. . . . . . . . . 47

[3.2.4  Cross-lingual Approaches to Hate Speech Detection| . . . 49

33 Conclusionl . .. .. .. ... 50

4 Harmful Language Datasets 53
.1 Methodologyl . . . . .. ... ... 54
@.1.1  Annotation Experiments| . . . . ... ... ... .. ... 54

[@.1.2 Annotation analysis|. . . . . ... ... ... ... ..., 58

4.2  Experimental setup| . . ... .. ... ... ... ... ... ... 60
2.1 Datasetsl. . . . ... ..o oo 60

@.2.2  Modeltraining| . . ... ... ... ... .. 61

M23 Resultd . ... ... ... ... ... 62

B3 Discussionl. . . . . ... 63
44 Conclusionl . .. ... ... ... ... ... 64

[5  Hate Speech According to the Law| 67
5.1 Method ... ... ... .. . ... 68
D.1.1 _Data and Annotationl . . . ... ... ........... 69

D12  SelectedPIMsl . . . .. .. ..o oo 71

[5.1.3  Selected LLLMs and Prompting Strategies| . . . . . .. .. 72

[5.2  Experimental Results| . . . . .. ... ... ... ... ...... 73
-One- -validation| . . . . . ... ... 74

.22  LLM Prompting| . ... ... ... .. .. ........ 74

023 PILMs: Revisited . . ... ... ... 000 76

[5.2.4  Error Analysis| . . ... ... ... 00000 77

D3 Conclusionl . . . .. .. ... 78

[6  Untangling Hate Speech Definitions| 81
[6.1  Semantic Componential Analysis|. . . . . ... ... ... ... 83
6.2 The HateDefConDatasetl . . . . . . . ... ... ... ...... 84
621 Datal. . .. ... ... 85

[6.2.2  Component Annotation|. . . . . ... ... ........ 85

[6.3  Case Study: Definition Comparison| . . . . ... ... ... ... 87
(6.4 LLM Sensitivity to Definitions| . . . . . ... ... .. ... ... 90

6.5 Resultsl. . . ... ... o 91



CONTENTS

(7 A Parallel Multilingual Hate Speech Corpus|
[/.1 ~Methodology| . . ... ... ... ... ... ... . ...
[/.2  Experimental Results| . . . . .. ... ... ... .........
[/.2.1  Translation Quality| . . . . . . ... ... ... .. ....
(/.2.2  “loxicity Evaluation| . . . . . .. ... ... ... ...
(/.3 Quality Evaluation| . . ... .. ... ... ... ... ......
(/.3.1 'Threshold Filtering . . . . . ... ... ... .......

[ Psycholinguistic Effects|
[8.1 ~ Psycholinguistic Characteristics of the Text| . . . . ... ... ..
[8.2  Proposed Approach| . . . . ... ... ... ... .. ... ...

8.3 Resultsl. . . . .. ...

Annotation Instructions and Interf:
(B Laws, Prompts, and Further Scores|
B.l Tawsl. . . ... ... . .
B.I.1 Greecel . ... ... .. . . .. ... ..
B.1.2 Italy|. . .. ... ...
BI3 UK . . ..ot
B.2 _Annotation Guidelines| . . ... ... ...............
B P DES| . . o . e e e e e e e e e e e e e e e e e e e e

X

94

95
96
99
99
100
102
102
103
105
106

109
112
118
118
120
121
121
122
126
131
132

135

139



X CONTENTS

B.5 Confusion Matrices| . . . . . ... ... ... ... ... 190
[C More on Semantic Componential Analysis| 199
[C.1 Laws from the Global Handbook on Hate Speech Laws| . . . . . . 199
[C2 Annotation Guidelinesl . . .. ... ... ............. 201
[C.3 Inter-annotator Agreement for Componential Annotation| . . . . . 201
[C.4  Complete Component Hierarchy and Further Statistics| . . . . . . 202
[C.5 Hate Speech Definitions for GHC, . . . . ... ... ... ... .. 204

[C.6  Definitions for Cross-Cultural Analysis| . . . ... ... ... .. 204




List of Figures

[2.1 ~ Steps for carrying out supervised learning.| . . . . . . ... .. .. 29
@.1  Data compilation and annotation procedure. . . . . . . .. .. .. 57
#.2  Boxplots showing Krippendorf’s alpha inter-annotator agreement.| 58
#.3  Heatmap showing the accuracy on the different test sets.| . . . . . 61

[5.1 Distribution of classes as predicted on 1,000 instances from HateEval| 77

[6.1 HateDefCon creation pipeline.| . . . .. ... ... ........ 84
[6.2  SCA component hierarchy in HateDefCon.. . . . . . . . ... .. 86
[6.3 LLama3 confusion matrices mapped to each hate speech definition.| 92

[/.1 ~ Visualization of translation and evaluation pipeline.| . . . . . . .. 97
2 BlLE res for backtranslations from Greek and from Italian). . 99
(2.3 BERTScores for backtranslations from Greek and from [talianl . . 100

[/.4  Average toxicity scores across monolingual models.|. . . . . . . . 101
[/.5 Average toxicity scores from multilingual models.| . . . . . . . .. 101
[8.1 Instances of annotated hate speech with annotator information| . . 111

(3.2 Illustration of the approach of the study on psycholinguistic effects| 119
(3.3 Distributions of sentiment and emotionality between genders in SRP|125
(3.4 Distributions of sentiment and emotionality between genders in MHS|126

[A.1 Re-annotation 1nstructions, using the term and definition of Toxicity.[177

[A.2 Interface for re-apnotation . . . . .. ... .. .. ... .. ... 178

1 HateBERT confusion matrix.) . . . . . . . . . . ... ... .... 190
B.2 DehateBERT confusion matrix). . . . . ... .. ... ... ... 190
[B.3 HateRoBERTa confusionmatrix.f . . . . .. .. ... ... .... 191
[B.4  LegalBERT confusion matrix.| . ... ... ............ 191

X1



Xii

LIST OF FIGURES

B.5 Qwen?2 0-shot w/o Law confusion matrix.| . . . .. ... ... .. 191
B.6 Qwen?2 0-shot w/ Law confusion matrix.| . . . . .. ... ... .. 192
B.7 Qwen2 LOOCV w/o Law confusion matrix.| . . . . .. ... ... 192
B.8 OQwen2 LOOCV w/ Law confusion matrix.|. . . . ... ... ... 192
B.9 Qwen?2 4-shot w/o Law confusion matrix.| . . . .. ... ... .. 193
[B.10 Qwen?2 4-shot w/ Law confusion matrix.| . . . . . ... ... ... 193
[B.11 Qwen?2 8-shot w/o Law confusion matrix.| . . .. ... ... ... 193
B.12 Qwen?2 8-shot w/ Law confusion matrix.| . . . . .. .. ... ... 194
[B.13 Qwen?2 12-shot w/o Law confusion matrix.| . ... . ... . ... 194
B.14 Qwen2 12-shot w/ Law confusion matrix.| . . . .. .. ... ... 194
15 TTama3 0-sh L nfusion matrix.| . . . . . ... ... .. 195

16 Llam -sh L nfusion matrix.). . . . . ... ... ... 195

17 Ilama3 L L nfusion matrix.). . . ... ... ... 195
B.18 Jama3 LOOCYV w/ Law confusion matrix. . . .. ..... ... 196
B.19 Llama3 4-shot w/o Law confusion matrix.) . . . . . ... .. ... 196
20 T Jama3 4-sh L nfusion matrix.|. . . . . ... ... ... 196
21 TJama3 8-sh L nfusion matrix.| . . . .. ... ... .. 197
22 Ilam -sh L nfusion matrx.,|. . . . . ... ... ... 197
B.23 [Jama3 12-shot w/o Law confusion matrix.) . . . ... ... ... 197




List of Tables

2.1 Example of a confusion matrix.|. . . . . .. ... ... ... ... 36
@.1  Basic description of dataset.| . . . .. ... .. ... ... 55
.2 Terms and definitions of harmful language during re-annotation| . 56
@.3  Texts tfrom the evaluation sets with the highest variance| . . . . . . 59
.4 Accuracy of BERT trained per dataset.| . . . . .. ... ... ... 62
[5.1 Cohen’s kappa and the number of instances per ordinal class| . . . 70
B2 MAE and MSE of the PL.Ms fine-tuned and evaluated with LOOCV| 74
[5.3  MAE and MSE for the few-shot approaches.|. . . . . . .. .. .. 75
[5.4  Prosecutability of Silver Labels under National Laws.| . . . . . . . 76
[5.5 MAE and MSE of the pretrained models| . . . . . ... ... ... 78
[6.1  Kinship terms characterized by attribute dimensions.| . . . . . . . 83

[6.2  Number of definitions, cultural distribution, and top 5 components| 88
[6.3 Components of Mulki et al.| (2019) vs. legislation of Levantine |

[ Arabic countries) . . . . ..o 89
[6.4 F; score using difference hate speech definitions.| . . . . . . . .. 91
[6.5 Agreement across definitions via Fy score. | . . . ... ... 93
[6.6 Number of overlapping instances in the cross-cultural setting| . . . 93
[/.1  Statistics for the data used in the translation experiments.| . . . . . 96
[/.2  Number of instances retaining toxicity scores at different thresholds.|/103
[/.3  Noteworthy translation cases for the qualitative analysis.| . . . . . 104
[3.1 Examples of predicted sentiment from SRP.| . . . . . .. ... .. 114
[8.2  Examples of emotions adapted from SRP| . . . . .. ... .. .. 115
(8.3 Examples of emotionality adapted from SRP| . . . . . ... . .. 116

[3.4  Examples of predicted communication styles adapted from SRP| . 117

Xiil



Xiv LIST OF TABLES
8.5 Statistical and class information about the two datasets| . . . . . . 120
[8.6  Statistics of the dataset partition for communication style,|. . . . . 121
[8.7  Macro-averaged performances of the proprietary models| . . . . . 121
[8.8  Preliminary exploration,| . . . . ... ... ... ......... 122
(8.9 Distributions for Symanto psychoanalytics for SRP| . . . . . . .. 123
[8.10 Dastributions for Symanto psychoanalytics for MHS|. . . . . . .. 124
[8.11 Coetficients for text sentiment and emotionality in SRP and MHS.| 127
[3.12 Coefficients for the author’s age and gender in SRP and MHS.| . . 127
8.13 Coefficients for the emotion effects in SRP and MHS.J . . . . . .. 128
[3.14  Coetficients for the communication style in SRP and MHS| . . . . 130
B. Fyscoresof PLMs. . . .. . ... ... ... ... ........ 188
[B.2 F; scores of PLMs per class when trained on the silver labels.|. . . 188
[B.3  F; scores per class for Qwen?2 for O-shot and LOOCYV settings.| . . 188
[B.4 F; scores per class for Llama3 for O-shot and LOOCV settings.| . . 189
[B.5 F; scores of Qwen2 1n the few-shot setting without law.| . . . . . . 189
[B.6  F; scores of Llama3 in the few-shot setting without law,. . . . . . 189
[B.7F; scores of Qwen2 1n the few-shot setting with law.| . . . . . .. 189
[B.8 F; scores of Llama3 in the few-shot setting with law.| . . . . . . . 189
[C.1 HateDefCon annotation guidelnes.|. . . . . . .. ... ... ... 201
[C.2  Average Cohen’s Kappa scores per annotator pair] . . . . . . . .. 201
[C.3  Hate Speech Framework Hierarchical Structure.| . . . . . . . . .. 203
[C.4  Definitions of Hate Speech.| . . . . . ... ... ... ... .... 204
[C.5 Prompt and definitions used in the cross-cultural experiments.| . . 205




Chapter 1

Introduction

Warning: This thesis contains language that some readers may find offensive or
distressing.

Hate speech is a phenomenon that manifests both offline and online. It is
commonly defined as abusive language directed at an individual or group based on
specific characteristics, often inciting violence or hostility (Papcunova et al., 2023)).
While the internet was initially envisioned as a platform to foster dialogue and
promote civil discourse (Rheingold, 2000), the freedom of expression it enables
has unfortunately contributed to the proliferation of hate speech, undermining those
original ideals (Tucker et al.,|2018; Mathew et al., 2019).

The rapid technological spread of hate speech calls for equally advanced
technological solutions to combat the issue. Technology based on Natural Language
Processing (NLP) emerges as a promising approach, surpassing the limitations
of simple word filters, which are inadequate for addressing the complexity of
the problem (Schmidt and Wiegand, |2017). NLP enables automated methods for
identifying and flagging hateful content online, significantly reducing the manual
workload of human moderators—a critical advantage given the inherent scalability
challenges of manual moderation (Gongane et al., 2022).

However, automated solutions cannot be considered a panacea, as they come
with theoretical and practical obstacles. The most fundamental issue is the absence
of a universal definition of hate speech. A universal definition of hate speech
still stands as an elusive concept (Fino, [2020; |[Davidson et al., 2017b)), as it is
inextricably linked with cultural and personal biases (Sap et al.,[2022)). Additionally,
terms related to harmful language, such as toxicity, abuse, offensive language, and
cyberbullying, often overlap or exist as hypernyms or hyponyms of one another,

15



16 CHAPTER 1. INTRODUCTION

complicating the development of precise detection systems (Pachinger et al., 2023).
This inconsistency in terminology directly impacts the creation of datasets, as
human annotators must label data points (or instances) as harmful or not, based
on varying definitions (Fortuna et al.l 2020). When different guidelines assign
conflicting definitions to the same concept or use the same definition for distinct
concepts, the resulting data becomes inconsistent. Such datasets are limited to their
specific tasks, and the outcomes they produce are often not reproducible.

This thesis principally addresses the issue of the definitions of hate speech and
related concepts such as toxicity and abusive language. It investigates the impact
of using varying definitions in different settings, highlighting their effects on both
annotation quality, and model performance and evaluation. In addition, this thesis
explores a cross-cultural approach to generating hate speech detection datasets.
Finally, it addresses issues of bias, triggered by textual tendencies rooted in the
data.

1.1 Motivation

The need for more robust methods of hate speech detection, which are both linguis-
tically and culturally aware, has led to the emergence of numerous shared tasks
in recent years (Basile et al., 2019; Wiedemann et al., 2020; Wiegand et al., 2019;
Strul et al., 2019} |[Fersini et al., 2022; Pavlopoulos et al., [2022; Mandla et al.,
2021). These tasks have encouraged researchers to develop and evaluate their own
systems. Despite the significant advancements in classification approaches driven
by these shared tasks, critical issues such as definition, bias, and reproducibility
remain inadequately addressed.

Regarding annotation, various paradigms have been proposed, each with its
own strengths and weaknesses, in an effort to balance objectivity and subjectivity in
labeling. Although the trend is moving toward a perscriptivist approach, where all
subjective opinions on what constitutes hate speech are considered valid (Cabitza
et al.l 2023; Rottger et al., 2022; Ruggeri et al., 2023)), researchers often arbitrarily
select a definition specific to their task without considering the broader implications.
This practice can compromise the reproducibility of their work. Moreover, the
definitions themselves are part of the problem as they differ significantly depending
on the domain or culture they are derived from. These variations can be seen in the
length and comprehensiveness of the definitions, as well as their content—some
definitions specify target groups, while others do not. Even if a specific and
comprehensive definition were established, the issue of bias would still obstruct
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efficient model development. As I will explore in the following chapters, human
bias and model bias are two key factors in an NLP pipeline (including for hate
speech detection), with model bias being a direct consequence of human bias.

1.2 Objectives

Having introduced some critical gaps in the research of hate speech detection, the
objectives of the thesis are outlined as follows:

1. To investigate how using different definitions of hate speech and related
concepts, such as abusive language, offensive language, and toxicity, impact
the annotation process, particularly when compared to how existing datasets
were originally annotated, and how these variations, in turn, affect model
evaluation.

2. To examine hate speech laws as an alternative to conventional hate speech
definitions, focusing on the task of prosecutable hate speech detection. This
approach is explored because laws are often more thoughtfully considered
by experts, and therefore allows us to assess whether annotating with legal
frameworks reduces subjectivity and improves inter-annotator agreement.

3. To provide a resource and an annotation framework capable of accommo-
dating as many hate speech definitions as possible, regardless of domain or
culture, and facilitating a comparison that enables the selection of the most
suitable definition for a given task.

4. To provide an efficient method for generating parallel multilingual hate
speech data while preserving toxicity levels and examining how cultural
aspects of hate speech are maintained.

5. To examine whether the textual aspects of hate speech, such as inferred emo-
tions or communication style, influence the annotators during the annotation
process.

1.3 Contributions

With respect to the objectives that were set above, the following contributions are
presented here:
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C,: Re-annotation experiments are conducted using different definitions in each
annotation round for the same dataset. The definitions used include hate speech,
toxicity, abusive language, offensive language, along with a round where no
definition was provided. These experiments demonstrate how varying definitions
significantly impact both the annotation process and model evaluation. The results
show that higher agreement and better model performance are achieved when using
more general definitions (such as toxicity) or when no definition is considered.
This highlights the importance of definition choice in hate speech detection and
presents re-annotation as a valuable method for re-examining existing datasets to
explore how different definitions affect labeling consistency and model outcomes.

C,: Given that existing definitions of hate speech fall short in providing a robust
framework, this research shifts focus to hate speech laws as an alternative. Legal
experts are consulted to annotate a hate speech dataset for its prosecutability, and
various approaches are explored, including pretrained models trained on both hate
speech and legal data, as well as the use of two large language models (Qwen2-7B-
Instruct and Meta-Llama-3-70B). To address the time-consuming nature of data
acquisition for prosecutable hate speech, pseudo-labeling is employed to enhance
the performance of the pretrained models. This study highlights the importance of
expanding research on prosecutable hate speech and offers insights into effective
strategies for addressing hate speech within legal frameworks. The findings indicate
that using definitions does not necessarily provide a more objective alternative to
annotating with definitions, while also highlighting that greater attention must be
paid to the differences between laws to improve classification.

Cs: A Semantic Componential Analysis framework is proposed for cross-cultural
and cross-domain analysis of hate speech definitions. The first dataset of defini-
tions, derived from five domains—online dictionaries, research papers, Wikipedia
articles, legislation, and online platforms—is created and analyzed into semantic
components. The analysis reveals significant variation in the components across
definitions, with many domains borrowing definitions from one another without
accounting for cultural context. Zero-shot model experiments are conducted using
the proposed dataset, employing three popular open-source large language mod-
els to examine the impact of different definitions on hate speech detection. The
findings show that large language models are sensitive to the definitions used, with
responses for hate speech detection changing according to the complexity of the
definitions in the prompts.

C,: A pipeline is designed to explore the possibility of creating a parallel multi-
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lingual hate speech dataset using machine translation. This study evaluates the
feasibility of this approach by assessing the quality of the translations, calculating
the toxicity levels of both the original and target texts. Additionally, a qualitative
analysis is performed to gain further semantic and grammatical insights.

C5: Artificial intelligence models are applied to two harmful language datasets,
Jigsaw’s Special Rater Pool and Measuring Hate Speech, to generate probabilities
for various text aspects, including inferring the demographic information (age
and gender) of the author behind the potentially harmful text, as well as the ex-
pressed emotions, emotionality, sentiment, and communication style. A statistical
regression analysis is then performed to examine how these text aspects correlate
with hate speech and toxicity annotations. The findings confirm that most of the
text aspects are correlated with how hate speech and toxicity are perceived by
annotators. The study demonstrates that psycholinguistic text aspects, which can
be derived from the author’s personality, are statistically associated with annotators’
perceptions of harmful language and may influence how annotators label the texts.

1.4 Structure

The remainder of this thesis is structured into 8 chapters, with an overview of each
chapter provided below:

Chapter 2 provides an overview of the fundamental concepts necessary for a
rigorous understanding of this thesis. The concepts discussed include the definitions
of hate speech and other related concepts, such as toxic and abusive language,
as well as legal approaches to hate speech. The chapter also approaches hate
speech through a psycholinguistic lens. Finally, the chapter includes a section
on computational methods used in the experimental parts of the thesis, such as
pretrained language models and large language models, as well as an overview of
the employed metrics for evaluation.

Chapter 3 reviews seminal work on hate speech detection, with a focus on
annotation methods and automated approaches. Within these sections, the chapter
also highlights the challenges inherent in hate speech detection—challenges that
also form the core themes of this thesis: the definitions of hate speech, generaliza-
tion, and bias.
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Chapter 4 introduces re-annotation as a method to assess the robustness and
generalization capacity of existing harmful language datasets. The re-annotation
process is conducted in multiple rounds, employing crowd-sourced workers and
alternating the definitions of harmful language across rounds. The experimental
section concludes with an evaluation of the datasets, comparing their performance
in a binary harmful language classification task using both the original labels and
the re-annotated labels.

Chapter 5 explores the feasibility of using hate speech legislation, rather
than conventional definitions, for annotation and model fine-tuning. The chapter
begins by introducing the task of prosecutable hate speech detection, followed by a
methodology that leverages three country-specific laws (from Greece, Italy, and
the UK)) to conduct expert annotation of an existing hate speech dataset. It then
presents experiments employing pretrained and large language models to detect
prosecutable hate speech.

Chapter 6 introduces a novel annotation framework grounded in the linguistic
concept of semantic componential analysis. Instead of annotating potential in-
stances, this approach focuses on annotating hate speech definitions using a highly
fine-grained methodology. This process reveals cross-cultural and cross-domain
variations in the definitions, which are further analyzed by employing the annotated
definitions for classification tasks using large language models.

Chapter 7 presents a pipeline for creating parallel multilingual corpora tailored
for hate speech detection. The methodology employs machine translation to
generate corpora in multiple languages, followed by the use of a pretrained model
to produce toxicity scores. These scores are used to assess the preservation of
sentence toxicity and to filter the corpus accordingly. The chapter concludes with a
qualitative evaluation to validate the results.

Chapter 8 shifts focus to the text itself by exploring various psycholinguistic
aspects of harmful language and their impact on annotation. These aspects are rep-
resented by predicted values from Al models, and regression analysis is employed
to investigate the correlation between these aspects and the labels in the datasets
used.
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Chapter 9 concludes the thesis with a summary of its key findings, an overar-
ching assessment of the outcomes, and directions for future work.

1.5 Publications

This thesis has resulted in some published work or work that is currently under
review. I list the publications or preprints as follows:

* Katerina Korre, John Pavlopoulos, Jeffrey Sorensen, Léo Laugier, lon An-
droutsopoulos, Lucas Dixon, and Alberto Barrén-cedefo. 2023. Harmful
Language Datasets: An Assessment of Robustness. In The 7th Workshop
on Online Abuse and Harms (WOAH), pages 221-230, Toronto, Canada.
Association for Computational Linguistics. (research product of ChapterH)

e Katerina Korre, Arianna Muti, and Alberto Barrén-Cedefio. 2024. The
Challenges of Creating a Parallel Multilingual Hate Speech Corpus: An
Exploration. In Proceedings of the 2024 Joint International Conference on
Computational Linguistics, Language Resources and Evaluation (LREC-
COLING 2024), pages 15842-15853, Torino, Italia. ELRA and ICCL.
(research product of Chapter[7)

 Katerina Korre, John Pavlopoulos, Paolo Gajo, and Alberto Barrén-Cedefo.
2024. Hate Speech According to the Law: An Analysis for Effective Detec-
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Chapter 2

Background

This chapter outlines the key concepts and terminology essential for understanding
this thesis. Section [2.1] provides an overview of the definitions of hate speech,
as well as other related terms such as toxicity, abusive language, and offensive
language, and clarifying their distinctions, while also discussing the legal and other
linguistic dimensions of hate speech. Section [2.2]introduces foundational concepts
of supervised learning, including annotation, modeling, and evaluation methods.

2.1 Defining Hate Speech

Identifying hate speech is a challenge due to its multifaceted nature as a linguistic,
social and legal topic (Jahan and Oussalah, 2023)). This section offers an in-depth
overview of terms related to hate speech, including toxicity, abusive language, and
offensive language. It further explores current legal frameworks surrounding hate
speech and concludes with an examination of its textual characteristics.

2.1.1 Hate Speech and Related Concepts

Definitions of hate speech are often found across four primary domains: (1) legal,
(2) lexical, (3) scientific, and (4) practical, each of which can vary in scope and
focus (Papcunova et al.,[2023)). Legal definitions are generally more straightforward
than other types, as they aim to identify behaviors that violate existing laws and
warrant government regulation. These definitions clarify actions that involve
incitement, promotion, or justification of hatred, discrimination, or hostility toward
specific individuals or groups based on attributes such as race, ethnicity, religion,

23
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disability, gender, age, sexual orientation, or gender identity (Alkiviadou et al.,
2020; [EU Commission, [2016; [UN General Assemblyj; Council of Europel [1997).
There is still no universally agreed-upon legal definition of hate speech, and each
country, interprets hate speech through its own distinct legal framework (Brown,
2017).

This diversity is also evident in the lexical domain, where dictionary definitions
of hate speech vary in how many details they provide. Some dictionaries, such as
The Cambridge Dictionary, offer a detailed definition, describing hate speech as
“public speech that expresses hate or encourages violence towards a person or group
based on something such as race, religion, sex, or sexual orientation”ﬂ Others, like
Merriam-Webster, provide a broader definition, describing hate speech simply as
“speech expressing hatred of a particular group of people”, without specifying the
characteristics of the groupﬂ Despite these differences, all definitions focus on one
core idea: hate speech is described as a written or spoken message that conveys
hatred and incites violence against a particular group, highlighting the meaning of
the collocation between the two words: hate and speech (Papcunova et al., [2023)).

The lack of consensus, as far as the term hate speech is concerned, is evident
also in research, in different disciplines, such as economics, philosophy, sociology,
psychology, or computer science (Papcunova et al., [2023)). As I will show later in
this thesis and in the context of NLP, researchers either define hate speech based
on their own criteria to suit their research objectives or adopt existing definitions
from sources such as dictionaries or existing academic studies.

Defining hate speech becomes even more complex when attempting to distin-
guish between explicit and implicit forms. Implicit hate speech relies on subtle,
indirect linguistic cues that may conceal the aggression or violence. Examples of
these linguistic cues include circumlocution, metaphors, and sarcasm, which render
this type of hate speech a significant challenge for automated systems (Ocampo
et al., 2023} |Gao et al., |2017). Although it may appear less direct or hurtful com-
pared to overt abuse, implicit hate speech can be just as damaging as more explicit
forms of aggression (Gao et al., 2017).

Practical definitions can be considered primarily those found in the community
guidelines of online platforms (e.g., social media such as X, previously known as
Twitterﬂ and technological companies (e.g., Microsoft)El Many of these companies
have signed a Code of Conduct with the European Commission to regulate illegal

'https://dictionary.cambridge.org/dictionary/english/hate-speech
Zhttps://www.merriam-webster.com/dictionary/hate%20speech
3https://x.com

4https://www.microsoft.com
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hate speech (EU Commission, 2016). For instance, YouTube defines hate speech
as “content promoting violence or hatred against individuals or groups based on
any of the following attributes: age, caste, disability, ethnicity, gender identity
and expression, nationality, race, immigration status, religion, sex/gender, sexual
orientation, victims of a major violent event and their kin, and veteran status”ﬂ

Fortuna and Nunes| (2018) conducted a review of all four types of hate speech
definitions (legal, lexical, scientific, and practical). After performing a definition
and dataset analysis, they proposed their own definition as follows:

Hate speech is language that attacks or diminishes, incites violence or hatred
against groups based on specific characteristics such as physical appearance,
religion, descent, national or ethnic origin, sexual orientation, gender identity, or
other factors. It can manifest in various linguistic styles, including subtle forms or
even humor.

The definition created by |[Fortuna and Nunes| (2018]) stands out as one of the
most comprehensive definitions of hate speech. It covers both the motives and
potential consequences of hate speech, provides examples of possible targeted
attributes, and takes into account the possibility of implicit expressions of hate.

The discussion about definitions does not revolve only around hate speech,
but also other related terms, such as toxic or abusive language. As Parekh| (2012)
states, it is necessary to distinguish hate speech from related terms that do not fit
the definition, such as expressing dislike, lack of respect, a demeaning view of
others, disapproval, the use of abusive or insulting speech, and speech that does
“not call for action”. Yet, and especially in the context of NLP, related concepts like
toxicity, abusiveness, offensiveness, incivility, and cyberbullying are often studied
in parallel with hate speech, though each might have distinct characteristics.

Toxic language is typically defined as speech “somewhat likely to make a user
leave a discussion or give up on sharing their perspective”, and can be further
broken down into concepts like, disrespect, identity attacks, insults, obscenity,
rudeness, threats, unreasonableness (Pavlopoulos et al., [2021). Abusive language
can be described as “ascribing a social identity to a person that is judged negatively
by a (perceived) majority of society. This identity is seen as a shameful, unworthy,
morally objectionable or marginal identity. The target of judgment is seen as a
representative of a group and it is ascribed negative qualities that are taken to
be universal” (Strul3 et al., [2019). On the other hand, offensive language can be
seen as “any form of non-acceptable language, or a targeted offense, veiled or

Shttps://www.youtube . com/howyoutubeworks/our-commitments/
standing-up-to-hate/
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direct. This consists of insult/threat to an individual or a group or profanity and
swearing” (Zampieri et al., 2019, 2020). Although these definitions may have
distinct characteristics, some of them can overlap significantly, and others may
be considered hypernyms or hyponyms of one another, leading to terminological
ambiguity.

To clarify these concepts and facilitate more precise identification of online
hate speech, researchers have attempted to disambiguate these terms. [Pachinger
et al. (2023) found that in many studies, toxic language serves as an umbrella
term encompassing abusive language. Furthermore, instances classified as uncivil
often intersect with those identified as toxic or abusive. Incivility, however, is a
term more commonly used in social science research. Similarly, Fortuna et al.
(2020), in a comparative analysis of datasets and definitions, noted that terms
like toxicity, abusiveness, and offensiveness are frequently used interchangeably,
further complicating the landscape of harmful language detection. The suggested
guidelines from the output of the research conducted on the definitions so far warns
researchers to avoid creating redundant definitions, unless extremely necessary, as
well as to clearly define their task purposes before selecting a definition (Pachinger
et al., 2023; Papcunova et al., 2023; [Khurana et al., 2022; [Fortuna et al., [2020).

2.1.2 Legal Frameworks of Hate Speech

Forming legal frameworks for hate speech is a challenging task as legislation
differs from one country to another. According to Marwick and Miller| (2014)
there are three main legal scholarly approaches to the definition of hate speech:
(i) content-based, which includes words, expressions, symbols and iconographies
generally considered offensive to a particular group of people and objectively
offensive to society; (i1) intent-based, which requires the speaker’s communicative
intention to incite hatred or violence against a particular minority, member of
a minority, or person associated with a minority without communicating any
legitimate message; and (iii) harms-based, that causes the victim harm, such as loss
of self-esteem, physical and mental stress, social and economic subordination and
effective exclusion from mainstream society. These definitions share at least one
core element with one another, which hints the potential for a unified framework.

A lot of steps have been made in the European Union (EU) in the past, such
as the No Hate Speech Movement by the Council Of Europeﬁ a campaign that
mobilises young people to report hate speech and cyberbullying to the relevant

9https://www.coe.int/en/web/no-hate-campaign/no-hate-speech-movement
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authorities and on social media channels, and the EU Hate Speech Code, which
required social media platforms to review most notifications potentially flagged for
hate speech within 24 hoursﬂ After long negotiations, the EU has managed to set
up a common regime that requires that all EU Member States make incitement to
hatred or violence a punishable act. This is called The Council Framework Decision
and it has been into force since 2024 F] The EU Code of Conduct and the EU’s new
Digital Services Act require also platforms, such as X and Facebook, to take action
with regard to illegal contentﬂ while in 2018, the introduction of the Audiovisual
Media Directive called upon member states to guarantee that audiovisual media
services, provided by media service providers and video sharing platform providers
under their jurisdiction, to not include any instigation of violence or hostility
directed at any group or individual based on the criteria (such as gender) listed in
Article 21 of the EU Charter of Fundamental Rights (Flick, 2020)@

2.1.3 Linguistic Attributes of Hate Speech

Although hate speech is not a new phenomenon, its proliferation has accelerated
in recent years, largely due to the widespread use of the internetE| Ironically,
while the internet enables the rapid spread of hate speech, it also provides a means
for recording and preserving online discourse, which can later be analyzed on a
linguistic level (McCulloch, [2019).

Unlike real-time, in-person hate speech, online hate speech displays unique
characteristics partly as a result of platform moderation and, generally, the nature
of digital interactions. For instance, Rettal (2023)) shows that explicit slurs are rare
in hate speech found in social media, largely due to moderation efforts. More
specifically, people tend to use non-slur insults that carry similarly offensive,
derogatory, and threatening connotations, in order to evade detection by hate

"https://www. theguardian.com/technology/2016/may/31/
\facebook-youtube-twitter-microsoft-eu-hate-speech-code

SCouncil Framework Decision 2008/913/JHA of 28 November 2008 on combating certain forms
and expressions of racism and xenophobia by means of criminal law. In the remainder of this paper,
we shall refer to this as ‘EU law’ or ‘EU Framework Decision’ for simplification.

9Regulation (EU) 2022/2065 of the European Parliament and of the Council of 19 October 2022
on a Single Market For Digital Services and amending Directive 2000/31/EC (Digital Services
Act).

Directive (EU) 2018/1808 of the European Parliament and of the Council concerning the
provision of audiovisual media services (Audiovisual Media Services Directive).

https://www.coe.int/en/web/combating-hate-speech/
what-1is-hate-speech-and-why-is-it-a-problem-
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speech algorithms, while slurs appear more frequently in one-on-one hate speech
than in broader discriminatory discourse. |Rettal (2023) also suggests that in both
cases (either using slurs or indirect insults), a divisive “us vs them” mentality is
reinforced, which constructs an “us” group as positive and safe, while hinting that
“them” is threatening or dangerous.

From a pragmatics point of view, Maitta (2023)) shows that there is a tendency
in online discourse to hate-normalizing language, contributing to the spread of
hateful ideologies as common sense, asserting also that many hate comments
carry performative power by reinforcing negative stereotypes and legitimizing hate,
highlighting the blurred line between stating and doing harm through language.

Discourse-analysis studies have also focused on the role of emotions in hate
speech. According to |Alcantara-Pla (2024)), emotions in hate speech messages res-
onate with recipients by framing a threat or opportunity that is personally relevant
to them, fostering a sense of potential loss or gain, rather than simply inciting hatred
for its own sake. |Alcantara-Pla (2024) further distinguishes between “shallow” and
“deep objects” in hate speech. “Shallow” objects refer to the immediate, visible
targets or victims—such as Muslims, Jews, or the LGBTI community—while
“deep objects” involve the underlying fears, beliefs, and historical narratives that
shape the discourse. The relationship between these shallow and deep objects is
crucial in shaping the emotional impact of hate speech, as counter-narratives are
currently just focusing on the former.

2.2 Supervised Learning

In NLP, supervised learning is one of the most widely adopted techniques (Tiwari,
2022)). The term “supervised” indicates that a model is trained on a labeled dataset,
meaning that each training example is paired with the correct output. The ultimate
goal of a supervised model is to learn the mapping from inputs to outputs that can
be used to predict on unseen data.

This thesis is concerned with two types of problems that can be tackled with
supervised learning:

* Classification: Where the output variable is a category, such as “hate speech”
or “not hate speech”.

* Regression: Where the output variable is continuous, such as predicting the
intensity of abusive language, for example, by using a Likert scale.
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Figure 2.1: Steps for carrying out supervised learning.

The process of training and evaluating a supervised learning model typically
follows the steps depicted in Figure 2.1} The first step is data collection which
involves collecting raw data and labeling them so that the new dataset contains both
inputs (features) and outputs (labels) for a given task. In this thesis, a distinction is
considered between data collection and data selection with the latter referring to
the selection of a dataset with already labeled data. The second step is to preprocess
the data. Examples of data preprocessing include removing noise, such as special
characters, tokenizing the sentences into words, and lemmatizing. The third step is
model selection, where the proper algorithm has to be chosen. Older supervised
learning algorithms include logistic and linear regression, decision trees, random
forest, Naive Bayes, support vector machines (SVM), and, more recently, neural
networks (Jiang et al., [2020). The next step is the training of the model, which
uses the training data to teach the model the relationship between the input and
output. Then, the model provides the predictions on new, unseen data (test set).
The final step is the evaluation of the model, in which the model’s performance
is assessed, using evaluation metrics such as accuracy, precision, recall, F; score,
mean squared error (MSE) or mean absolute error (MAE).

2.2.1 Annotation

Data annotation is the process of labeling or tagging data with meaningful in-
formation that allows a machine learning model to learn from it. In supervised
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learning, this step is crucial as models rely on annotated datasets to make accurate
predictions. Without proper annotation, a model cannot recognize patterns or learn
the relationships between input features and the target output.

The quality and accuracy of annotations directly impact the performance of
machine learning models. In this section, we explore the importance of annotation,
common types of annotation, methods for annotating data, and challenges that
come with the process.

There are several methods to annotate data depending on the type of data and
the task at hand. The most common methods include:

Expert Annotation This type of annotation requires expert human annotators
who label the data. This is typically the most accurate method but can be time-
consuming and costly, especially for large datasets (Chau et al., 2020).
Crowdsourcing Crowdsourcing is a method where a large number of workers
(often via platforms like Amazon Mechanical Turkﬂ are hired to annotate data.
This method is cost-effective and scalable, but the quality of annotations may vary
(Gallick and Liu, 2010; Waseem, 2016)).

Automated Annotation Automated annotation involves using machine learning
models to automatically label data. While faster than manual annotation, it may
not be as accurate. However, there is currently a trend towards mixed approaches,
which involve using a round of automated annotation and then manual inspection
by humans, which can reduce the workload, as well as the initial costs (Smit et al.,
2020; Ostyakova et al., [2023)).

When it comes to how texts are annotated, practically, Poletto et al.| (2019)
compare the three main annotation types:

Binary Annotation This type of annotation involves assigning one of two labels to
each instance, making it straightforward for manual annotation and computational
processing. However, it can oversimplify complex or subjective phenomena, which
are common in human language.

Rating Scales These scales, such as the Likert scale, use a range of values to
capture varying degrees of a concept, making them better suited for handling
subjective opinions compared to binary systems. However, they can still lead to
high inter-annotator disagreement, inconsistencies and scale bias.

Best-Worst Scaling This type of annotation involves presenting annotators with a
set of items and asking them to choose the best and worst among them based on a
specific property. It offers a comparative approach that helps address some issues
found in binary and rating scale methods.

Zhttps://www.mturk.com/
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Ensuring that annotations are consistent and accurate is a major concern, as
it refers back to the problem of data quality, bias, and fairness. This problem
becomes more challenging with subjective tasks, like hate speech detection or
sentiment analysis, where annotators often rely on personal experiences, leading to
ambiguity in the data that can complicate assigning a single label. To address this,
current research has developed various annotation paradigms that try to mitigate
these issues, depending on whether researchers prefer a subjective or objective
methodology. The descriptive paradigm promotes annotator subjectivity to capture
a diverse range of beliefs in datasets, whereas the prescriptive paradigm limits
subjectivity, enforcing a consistent perspective through strict annotation guidelines,
useful for model training consistency (Rottger et al., |2022)). The perspectivist
approach extends descriptivism, opposing aggregated gold standards to preserve
individual opinions and cultural diversity, a shift that has inspired new frameworks
capturing human subjectivity (Cabitza et al., 2023). Another one is the contrastive
model approach to disagreement which integrates multiple hate-speech-related
tasks (like identifying aggressive or abusive language) under a single framework
as it assumes that these behaviors often share a common foundation (Rizzi et al.,
2024). There are also more fine-grained and task-specific frameworks like the one
by [Kumar et al.[(2024) on harmful language and who consider the intersectional
and complex nature of triggers that can lead to violence, such as the socio-political
context and the speaker’s intent.

Metrics for Inter-Annotator Agreement To evaluate inter-annotator
agreement, metrics like Cohen’s Kappa and Krippendorff’s Alpha are widely used.
These metrics account for chance agreement, offering a more robust measure
compared to simple percentage agreement.

1. Cohen’s Kappa (x) quantifies the level of agreement between two annotators
while accounting for the agreement that might occur by chance.
Let:

* P,: Observed agreement (proportion of instances where the annotators
agree).

» P.: Expected agreement by chance (proportion of agreement expected
based on the annotators’ individual label distributions).

Po_Pe
R=——
1-F,
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where:

P.=Y " (Py(k)- Py(k)),

k

and Py (k) and P»(k) are the proportions of times each annotator assigned
the label k.

A k value of 1 indicates perfect agreement, O indicates agreement equivalent
to chance, and negative values indicate less than chance agreement.

. Krippendorff’s Alpha («) is a generalized agreement metric that works

for any number of annotators, labels, or data types (e.g., nominal, ordinal,
interval).

Let:

* D,: Observed disagreement (sum of squared differences between an-
notations).

* D.: Expected disagreement by chance (sum of squared differences
expected under random labeling).

where:
| NN
D, = N ZZ& T, Tj),
=1 j5=1

and D, is computed similarly but assumes random labeling based on the
frequency distribution of labels.

The function 6(z;, z;) represents the distance between two annotations x;
and z;. For nominal data:

5( ) 0, ifl‘i:l’j,
Ty, Xj) = .
! 1, lf.fi?él’j.
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2.2.2 Pretrained Language Models

In recent years, pretrained language models (PLMs) have revolutionized the field
of NLP. Classical ML-based NLP models required task-specific features and were
often trained from scratch for each application. PLMs, on the other hand, are trained
on vast amounts of text data in an unsupervised fashion and can be fine-tuned for
specific tasks, saving time and computational resources.

PLMs — with the most important one, BERT (Bidirectional Encoder Represen-
tations from Transformers) (Devlin et al., 2019) —, have achieved state-of-the-art
performance in a variety of NLP tasks, such as text classification, named entity
recognition, question answering, and more (Sun et al.,[2022)). BERT’s bidirectional
approach to understanding context within a sentence has made it a game-changer
for the NLP community. Historically, language models relied on simpler ap-
proaches, such as n-grams or word embeddings like Word2Vec (Mikolov et al.,
2013)) and GloVe (Pennington et al., 2014), which learned distributed representa-
tions of words in a vector space. While effective, they do not capture meaning in
different contexts. BERT addresses this challenge by using a Transformer archi-
tecture with a bidirectional approach, which helps it understand context in both
directions and learn deep contextual relationships between words. BERT uses a
mechanism called self-attention (Vaswant et al., 2017)), which allows the model to
weigh the importance of different words in a sentence, irrespective of their position
and is particularly useful in capturing long-range dependencies and relationships.

BERT is pretrained on a large corpus of text and can then be fine-tuned for
specific tasks. The pretraining involves two main objectives:

* Masked Language Modeling (MLM): During pretraining, BERT randomly
masks some of the words in a sentence and tries to predict the missing words
based on their context. This is a bidirectional process, meaning BERT uses
both the left and right context to predict the masked word.

* Next Sentence Prediction (NSP): In addition to MLM, BERT is also trained
to predict whether one sentence follows another, which helps it understand
relationships between sentences.

BERT’s architecture inspired a range of specialized models designed for specific
tasks, especially in sensitive and complex areas like hate speech detection and
sentiment analysis. These models leverage BERT’s transfer learning capabilities,
fine-tuning the base model on task-specific datasets to achieve high accuracy in
their respective applications. One example is HateBERT (Caselli et al., 2021)),
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which was trained on a large corpus of abusive and toxic language from platforms
like Reddit, with a focus on content that included hate speech, offensive language,
and harassment. HateBERT is one of the PLMs that are used for the experiments
in this thesis in Chapter [5}

2.2.3 Large Language Models

Large Language Models (LLMs) have gathered significant attention due to their
remarkable ability to understand and generate human language with exceptional
accuracy (Kumar et al., 2018b). Notable examples of LLMs include GPT-4 (Ope+
nAl et al., 2024), Mistral 7B (Jiang et al., [2023), and PalLM 2 (Anil et al.| 2023).
These models leverage advanced deep learning techniques and the Transformer
architecture, similar to Pretrained Language Models (PLMs) like BERT. However,
a key distinguishing factor lies in their scale. LLMs are trained on massive datasets
comprising diverse and extensive text corpora and are built with billions of parame-
ters, far surpassing the size of traditional PLMs. Furthermore, their autoregressive
training paradigm, where models predict the next token in a sequence, allows a
very coherent and contextually relevant text generation.

In the previous section, it is mentioned that early PLMs require more explicit
fine-tuning, including training on top of the pretraining data, with new, labeled
data that are task-specific. LLMs ease the fine-tuning procedure with prompting.
Prompting refers to the practice of crafting specific inputs, or “prompts” to guide
the responses generated by the LLMs. The prompt is, essentially, the text or
question posed to the LLM, which the model then uses as a basis for generating
relevant, coherent, and contextually appropriate outputs. Prompting can often
accomplish what fine-tuning does, especially for task-oriented language tasks,
thanks to the model’s broad generalization capabilities (Reynolds and McDonell,
2021} Brown et al., 2020). There are many types of prompting techniques. Some
of the most popular ones include:

» Zero-shot prompting: Simply asking the model to perform a task without
examples.

* Few-shot prompting: Providing a few examples in the prompt to guide the
model toward the desired output style.

* Instruction tuning: Fine-tuning with a wide array of task instructions to
generalize the model’s ability to follow new instructions accurately.
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Yet, just like PLMs, LLMs can inherit biases from the data they are trained
on, perpetuating, and amplifying harmful social biases (Gallegos et al., [2024). In
addition, because LLLMs are complex black-box models, it is difficult to create
protocols to evaluate their performance, as well as detect the existence of potential
biases and to understand the reasons behind certain outputs or model reasoning
(Chang et al., [2024; Zhao et al., 2024; Huang and Chang}, 2023]).

2.2.4 Evaluation Metrics

This thesis is concerned with classification, regression, and similarity problems,
such as those encountered in tasks like machine translation or text generation,
where the similarity between a reference sentence and a generated sentence must
be calculated. This section presents the evaluation metrics used for these types of
problems.

Metrics for Classification A classification task involves a model classifying
an input instance by predicting its class label. In some of the experiments of this
thesis, the classification tasks are in a binary setting, for example, whether an
instance is “hate speech” (HS) or “not hate speech” (Not HS). Conventionally, the
metrics used for the evaluation of classification are: accuracy, precision, recall,
and F; score. The metrics are explained below using as an example a binary hate
speech detection setting, along with their mathematical formulas. To understand
the metrics, we first need to define the confusion matrix, which shows the counts

of each type of classification outcome. An example of a confusion matrix is found
in Table 2.1l

1. Accuracy represents the overall proportion of correct predictions. It is pre-
ferred when the data classes (“hate speech”, “not hate speech”) are balanced.

TP+ TN

Al —
WY = TP Y TN+ FP+ FN

2. Precision indicates how many of the instances predicted as hate speech were
actually hate speech.

TP

P . . _ =
recision TP L FP
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\ Predicted HS Predicted Not HS
Actual HS TP FN
Actual Not HS FP TN

Table 2.1: Example of a confusion matrix, where True Positives (TP) are the
instances of hate speech that the model correctly identifies as hate speech; False
Negatives (FN) are the instances of hate speech that the model incorrectly identifies
as not hate speech; False Positives (FP) are the instances of not hate speech that the
model incorrectly identifies as hate speech; True Negatives (TN) are the instances
of not hate speech that the model correctly identifies as not hate speech.

3. Recall measures how many of the actual hate speech instances were correctly

identified.
TP

Recall = — -
T TPYEN

4. F, score balances precision and recall, providing a single metric that is
useful when there is an uneven class distribution.

Precision x Recall

F, score = 2 x —
Precision + Recall

Metrics for Regression To evaluate the performance of NLP models on

regression problems, such as predicting the intensity of hate speech or abusive

language, we can use Mean Absolute Error (MAE) and Mean Squared Error (MSE).
Let:

* n: Number of data points, for example the total number of social media
comments in the dataset.

* y;: Actual value for the i-th data point. In the case of predicting the intensity
of hate speech, it would be the actual observed intensity score for hate speech
in the ¢-th comment (it could be a continuous value, e.g., from O to 1, where
0 represents neutral language and 1 represents extremely abusive or hateful
language)

* g;: Predicted value (i.e., intensity score) for the i-th data point, generated by
the model.
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1. Mean Absolute Error (MAE): MAE represents the average absolute differ-
ence between predicted and actual values. In this case, it tells us the average
deviation of our predictions from the actual hate speech intensity levels.

1 n
MAE = — i — Ui
3l

2. Mean Squared Error (MSE): MSE penalizes larger errors more heavily
than MAE, making it more sensitive to outliers. MSE penalizes larger errors
more than smaller ones because it squares the error for each prediction. This
metric is particularly useful if we want the model to be more sensitive to
high-intensity wrong predictions (e.g., strongly abusive comments with high
intensity scores).

n

1 2
MSE = — i — Ai
- ;_1 (vi — 9i)

Metrics for Similarity To calculate the similarity between an automati-
cally generated or translated sentence and a reference sentence, BLEU score and
BERTScore are commonly used.

1. BLEU Score (Bilingual Evaluation Understudy) measures the similarity
between a generated text and a reference text by comparing their overlapping
n-grams (e.g., sequences of 1, 2, 3,..n words). It is a precision-based metric
but also accounts for brevity to avoid favoring very short outputs.

Let:
* p,: Precision for n-gram matching (proportion of n-grams in the candi-
date text that match n-grams in the reference text).

* BP: Brevity penalty, which penalizes outputs shorter than the reference
text.

* N: Maximum n-gram size to consider (commonly 4).

N
1
BLEU = BP - exp (N nz_:l log(pn)>
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where:

Bp - 1 ifc>r,
exp(l—%) ife <,

and c and r are the lengths of the candidate and reference texts, respectively.

2. BERTScore evaluates the semantic similarity between generated and ref-
erence texts by comparing their contextual embeddings, obtained using a
pretrained transformer model like BERT. Unlike BLEU, it measures semantic
rather than surface-level similarity.

Let:

 F(candidate): Set of embeddings for the tokens in the candidate text.
» FE(reference): Set of embeddings for the tokens in the reference text.

* sim(e;, e;): Cosine similarity between embeddings e; and e;.

Precision (P) and Recall (R) are computed as:

1
Precision(P) = ————— max sim(e;, e;
®) | E(candidate)| GE(Zd.dt)ejeE(reference) (e €3)
€; candidate

1
Recall R) = —————— im(e;, €;
ecall (R) | E(reference)| Z e.€ Blcandidate) sim(ei, €;)
e; € E(reference)

Finally, the BERTScore F} is computed as:

P xR
P+ R

BERTScore = F} =2 X



Chapter 3
Related Work

This chapter reviews related work on hate speech detection. Specifically, Section[3.1]
explores prior research on annotation methodologies for hate speech, focusing
on annotator selection, defining the task scope, and potential biases. Section[3.2]
examines approaches leveraging pretrained language models (PLMs) and large
language models (LLMs), that were introduced in Chapter [2] for hate speech
detection purposes. It also explores multilingual strategies and addresses the
challenge of generalizability.

3.1 Annotation Methods for Hate Speech

Annotating hate speech comes with distinct challenges, as hate speech is inherently
subjective, shaped by personal, cultural, and contextual biases of annotators (Sap
et al.l 2022). A significant body of work has been dedicated to exploring strategies
for annotating hate speech, with questions revolving around annotator selection
(e.g., experts or crowd-sourced workers), and the design of annotation schemes
defined by the scope of the task. This section synthesizes key contributions in the
field, focusing on their methods and the trade-offs they address.

3.1.1 Annotator Selection

Annotator selection is one of the foundational steps in the annotation pipeline.
Choosing what type of annotation to follow in a given study is essentially a ques-
tion of priorities, namely the quality-cost trade-off. There is a wide variety of
strategies with regard to the number and the background of the annotators, as
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described in Chapter |Z| and also summarized by |Poletto et al.[| (2021) into three
main options: (a) having data annotated by experts, (b) having them annotated by
amateur/non-expert annotators recruited either as volunteers (often among students)
or on a crowdsourcing platform—Ilike Amazon Mechanical Turk—or, (c) using an
automatic classifier to assign labels. In general, expert annotations are preferred
and considered of better quality. [Waseem| (2016), shows that amateur annotators
are more likely to label items as hate speech than expert annotators, while systems
trained on expert annotations tend to outperform those trained on amateur anno-
tations. Similarly, Lopez Long et al.| (2021) highlight a tendency among crowd
workers to overuse the abusive class, which creates an unrealistic class balance and
negatively impacts classification accuracy. With the emergence of LLMs, more
cost-efficient approaches have started to be adopted, by automatically annotating
the data. Tan et al. (2024) provide a survey on this new phenomenon, highlighting
that this method can work in supervised learning scenarios, for example by employ-
ing LLMs as both data annotators and learnable models, and iteratively fine-tune
LLM:s in their self-annotated data, as done by [Huang and Chang (2023).

In this thesis, we employ all aforementioned annotator selection methods. In
Chapter ] we employ crowd workers to annotate harmful language providing them
with different definitions, while in Chapter 5] we employ both experts and LLMs
to create pseudo-labels aiming to improve model performance for prosecutable
hate speech detection.

3.1.2 Defining the Task

A recurring theme across the literature is the difficulty in defining hate speech
as a clear-cut category, which, consequently, poses a challenge when defining
annotation guidelines. According to Davidson et al.|(2017a), no formal definition
exists. With that in mind, studies adopt definitions depending on their task formu-
lation. |Assimakopoulos et al. (2020) argue that hate speech lies on a continuum of
discriminatory discourse, often conveyed indirectly through linguistic subtleties.
Recognizing that annotators may differ in their thresholds for identifying such
content, they suggest avoiding the direct use of the label hate speech and they
propose a multilayer annotation scheme informed by critical discourse analysis.
In contrast, Ron et al.| (2023)) adopt an approach which deconstructs hate
speech into a set of distinct discursive aspects. Unlike /Assimakopoulos et al.
(2020), who emphasize the continuum of discriminatory discourse, Ron et al.
(2023)) propose a more modular approach that breaks down hate speech into its
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components. While their annotation scheme can capture some aspects of hate
speech, its focus on antisemitism limits its generalizability to broader contexts.
Another modular approach is the one presented in Khurana et al. (2022), who
develop hate speech criteria with input from legal and social science perspectives to
help researchers create precise definitions and annotation guidelines. They propose
five criteria: target groups, dominance, perpetrator characteristics, type of negative
group reference, and potential consequences/effects. Rather than prescribing a
single definition, they offer a meta-prescriptive, modular approach, allowing for
adjustments based on specific tasks.

Other attempts to define hate speech draw inspiration from the legal field. For
instance, Zufall et al.| (2022]) operationalized whether a post falls under criminal
law by translating the EU Framework Decision 2008/913/JHA into a sequence
of binary decisions. Their results suggest that annotation is more efficient when
breaking the decision into two subtasks: target group detection (which groups are
referred to in a post, for example minorities, such as women and immigrants) and
conduct detection (what punishable action patterns are referred to in a post). For
their purposes, they create a Punishable Hate Speech Dataset in German, with a
moderate inter-annotator agreement (IAA) for target group and targeting conduct
(Cohen’s Kappa 0.52 to 0.70), but low for the punishable label (0.33 to 0.43).
Another attempt to exploring hate speech laws from an NLP outlook was that
of |[Fiser et al.| (2017), which presented the legal framework, a dataset, as well
as an annotation schema for unacceptable discourse practices in Slovene, which
includes annotations for the typology and target of the unacceptable discourse.
More recently, Luo et al.| (2023) introduced hate speech detection grounded in
enforceable legal definitions. They create a gold standard dataset annotated by legal
experts and establish baseline LLMs, incorporating explanations. In Chapter[5 we
present our approach to addressing the issue of prosecutable hate speech, touching
upon topics such as the subjectivity of annotators and providing a cross-cultural
analysis of legal definitions of hate speech.

The issue of the definitions is evident not only with respect to hate speech
detection, but also generally in harmful language detection. Recent NLP work has
focused on comparing harmful language definitions (abusiveness, toxicity, offen-
siveness, etc.) rather than comparing hate speech definitions per se. Discussing
two important terms ‘trolling’ and ‘flaming’, KhosraviNik and Esposito (2018)
very eloquently suggest that “[d]espite the widespread (and often overlapping)
use of these two terms, the utmost complexity of the discursive practices and
behaviours of online hostility has somehow managed to hinder the development of
principled definitions and univocal terminology”. This inconsistency is present in
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published datasets of harmful language. For that reason, Fortuna et al. (2020) focus
on clarifying applied categories of harmful language and homogenizing different
datasets by treating class representations as vectors rather than just relying on their
definitions. They additionally evaluate a classifier’s (Perpective API (Lees et al.,
2022)) ability to distinguish standardized categories from non-harmful messages
through binary classification. As their final remark, the authors stress the impor-
tance of providing guidelines for annotation schemas and avoiding the creation of
new categories unless absolutely necessary, with clear examples and justifications
when new categories are introduced. In a consequent attempt to disambiguate
harmful language definitions used in NLP research, Pachinger et al.|(2023)) review
and compare definitions of uncivil, offensive, and toxic comments across 23 papers
from various fields, aiming to foster more unified scientific resources. Both the
works of [Fortuna et al.| (2020) and [Pachinger et al. (2023) highlight the need for
consistent terminology to promote clarity in the scientific research of hate speech
and harmful language, in general.

In Chapter [6] we offer a resource that includes a wide range of hate speech
definitions —from general to specific, and from various sources— allowing re-
searchers to select from established, culturally relevant options. This helps to avoid
the creation of custom definitions when unnecessary, which could introduce bias
into experimental models, beginning with the annotation process.

3.1.3 Annotator Bias in Harmful Language Detec-
tion

Previous research highlights the role of the annotator and their characteristics, i.e.,
internal and contextual factors belonging to the individuals who rate the comments
in terms of hate speech (Sap et al., 2022; Waseem, 2016)). Specifically, in dataset
creation and annotation, these characteristics can be translated into a high bias
level that is specific to the annotators who label each instance. In fact, bias can
be observed even within the same group of annotators (such as minority groups),
since “members of the marginalized communities may still show bias towards
their own communities” (Goyal et al., 2022). Bias in hate speech datasets can
have detrimental effects because currently these human-annotated datasets are still
the key component for building Al systems. Specifically in the case of abusive
language detection, models have the tendency of being biased towards identity
words of a certain group of people because of imbalanced training datasets. For
example, [Park et al.| (2018) note that phrases such as “You are a good woman”
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are marked as ‘sexist’ probably because of the word ‘woman’, underlining that
this unfair bias can inhibit the robustness of models and therefore their efficient
practical use. In turn, the resulting systems can propagate biased opinions, by
straying away from an objective point of view. By integrating social scientific
theories, |[Davani et al.| (2023)) show that indeed hate speech classifiers trained on
human annotations include biases toward historically marginalized groups. To
reduce these biases, they suggest diversifying annotation teams and modeling
annotation biases rather than treating them as mere noise. With regard to modelling
and incorporating sociodemographic information into multi-annotator models
for toxicity detection, (Orlikowski et al.| (2023) show that this method does not
significantly improve performance. However, while sociodemographic attributes
may not provide additional benefits universally, their careful use could still be
valuable depending on the task and model architecture.

Al Kuwatly et al.[ (2020), on the other hand, explored annotator bias using
classifiers trained on data from demographically distinct annotator groups (gender,
education, native language, age group) exploiting corpora from Wikipedia’s Detox
project (Wulczyn et al.,|2017)). Their results show that, although there can be bias
in the corresponding group annotations, it also depends on the definitions of hate
speech used for the annotation and experiments, underlining the need for a deep
examination and understanding a priori. Other studies have focused on resolving
the bias issue by studying a limited number of demographic groups. For example,
Sap et al.| (2022), concentrated on different identity groups as well as groups that
differ with regard to their beliefs. More specifically, they first conducted a breadth-
of-workers controlled study, where they collected ratings of toxicity for a set of
15 manually curated posts from 641 annotators of different races, attitudes, and
political beliefs. They also proceeded to a breadth-of-posts study, replicating a
standard toxic language annotation by collecting toxicity ratings for approximately
600 posts, from a diverse pool of 173 annotators. They discover that the perceptions
of toxicity are indeed affected by annotators’ demographic identities and beliefs
and that there are several associations when isolating specific text characteristics.
Goyal et al. (2022) form groups of raters (i.e. LGBT, African American, and a
control group, which comprised people that did not identify with either of the
two former groups) and they assign a toxicity annotation task. Specifically, they
explore how raters’ self-described identity impacts how they annotate toxicity in
online comments. They calculate some descriptive statistics, as well as conducting
a regression analysis, where they find significant differences among the groups.
They suggest using special rater groups under certain circumstances. The study of
Goyal et al| (2022) is the basis of Chapter[§]in which regression analysis is used
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to examine the correlation between inferred demographics and other text aspects
(such as emotionality and sentiment) and the labeling of harmful language. Text
aspects are discussed in the next section.

3.1.4 Text Aspects and Annotator Perception

Text aspects are usually perceived by the individual, while many computational
linguistics studies have focused on how easily these aspects are perceptible in
order to create ground-truth datasets for NLP purposes. For example, demographic
information about the author, such as gender, can also be perceived by the raters
during annotation, however, always running the risk of bias. Nguyen et al. (2014)
perform in-language and cross-language annotation experiments by asking raters
to guess the gender of the authors of tweets. The in-language experiments yielded
accuracy of 70.5%, while in the cross-lingual experiments, the accuracy drops
at 60%, indicating that cultural identity influences how raters perceive certain
demographic aspects of the text. On the other hand, emotions can also be perceived,
but it also depends on the type of emotion. More specifically, Strapparava and:
Mihalceal (2010) create an emotion dataset using Ekman emotions and they calcu-
late IAA by averaging the annotations in a pairwise manner and using Pearson’s
correlation. The results showed that the annotators agreed more on the emotions of
fear and sadness (~68% and ~63% , respectively), followed by joy (~59%), anger
(~49%), and disgust (~44%). On the annotation for sentiment analysis, |Bobicev:
and Sokolova (2017) highlight the difficulty of the task by presenting the IAA
scores from previous work, which do not exceed ~75%, while also conducting
further experiments in multiclass, multi-label sentiment annotation of messages,
achieving an average agreement of 79%. Communication styles can also be per-
ceived by the annotators. In gtajner (2021)), the IAA for those communication
styles was calculated as the percentage of instances with perfect agreement with
Emotionality. The perfect agreement for fact-oriented is 52%, for self-revealing
63%, for action-seeking 73%, and for information-seeking 80%. Finally, they also
calculate emotionality with 53% perfect agreement.

All of the aforementioned studies show that text aspects are perceivable during
annotation. However, there is always a degree of subjectivity, which derives from
personal background and life experiences, that influences the labeling process
(Pe1 and Jurgens, 2023)). Chapter|§| of this thesis delves into different text aspects
(inferred gender, age, emotionality, sentiment, and communication style of the
author) to show if they correlate with how annotators label harmful texts.
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3.2 Hate Speech Detection

This section explores various approaches to hate speech detection, focusing partic-
ularly on PLMs—primarily BERT-based models—,as well as LLMs. Additionally,
it examines relevant research on the topic of generalizability and provides an
overview of cross-lingual approaches to hate speech detection.

3.2.1 PLM Approaches for Hate Speech Detection

Transformers models (see Chapter [2)) have proven to be the most effective approach
for hate speech detection, consistently surpassing other methods in various studies
(Ramos et al., 2024). This increase in transformers approaches overlaps with
the second OffensEval task (Zampieri et al., 2020), a shared task on offensive
language identiﬁcationﬂ where most participants started shifting from older deep
learning approaches (such as LSTMs) to transformer models, rendering them the
state-of-the-art at that time (Ramos et al., |[2024).

The flexibility and adaptability of BERT-based models, enhanced by the cre-
ation of specialized variants and hybrid techniques, have greatly contributed to hate
speech detection efforts. Several studies have fine-tuned BERT for hate speech
detection. For example, |Arcila-Calderon et al. (2022) fine-tune BERT to detect
hate speech in Greek, Spanish, and Italian, outperforming other deep learning and
machine learning models. Similarly, Saleh et al.| (2023)), show that BERT-based
classifiers perform better compared to other deep learning approaches, due to the
large amount of data BERT is pretrained. Examining the context of offensive
language, [Casavantes et al.| (2023)) employ BERT contextual vectors, among other
techniques to consider text and metadata showing that they provide a clear advan-
tage regarding a traditional approach of only using text. Jahan et al.| (2021)) show
that BERT-based ensemble methods, i.e., combining multiple models to enhance
performance by aggregating their predictions, yield optimal results.

Furthermore, re-training BERT for specific tasks is another common approach,
including for the task of hate speech detection. An example is HateBERT, a BERT
model re-trained to detect abusive language in English. It was trained on RAL-E, a
large-scale dataset of English Reddit comments sourced from communities banned
for offensive, abusive, or hateful content (Caselli et al., [2021]). Moreover, there is
BERT-HateXplain, another BERT-based model fine-tuned on annotated data from

Ihttps://sites.google.com/site/offensevalsharedtask/home


https://sites.google.com/site/offensevalsharedtask/home

46 CHAPTER 3. RELATED WORK

HateXplain, a benchmark dataset for hate speech detection (Mathew et al., 2021)).
This dataset includes rationales for identifying hate speech and offensive language,
comprising 20,000 posts from Gab and Twitter. BERT-HateXplain demonstrates
improved performance and better bias handling compared to standard BERT models
in benchmarking. Similarly, RoBERTa-based models, a more robust version of
BERT (Liu et al., 2019)), have been employed for hate speech detection (Alonso
et al., 2020). Vidgen et al.[|(2021a) used a human-and-model-in-the-loop process
to train an online hate detection system, leveraging RoBERTa and dynamically
collected expert-annotated datasets with fine-grained labels and perturbations to
improve detection performance.

Finally, language-specific and multilingual models have proven effective in non-
English contexts. For example, AIBERTo (Polignano et al.,[20194), a model tailored
for Italian, has been fine-tuned for hate speech detection in this language (Polignano
et al 2019b). Jahan et al.| (2022)) use FinBERT, the Finnish version of BERT
(Virtanen et al., [2019), for hate speech detection in the Finnish language. Another
popular approach is employing mBERT (Devlin et al., 2019), a multilingual BERT
model, that has been fine-tuned for cross-linguistic tasks, and allows the detection
of offensive content across multiple languages when fine-tuned, as in the case of
Bigoulaeva et al.| (2023)).

3.2.2 LLMs for Hate Speech Detection

LLMs have marked a new age for classification and detection tasks. The capabilities
of LLMs have turned research to focus more on explainability, which applies also
to the task of hate speech detection. Roy et al.[(2023) use various prompt variations
and input information to evaluate LLMs in a zero-shot setting, without adding
in-context examples. Three LLMs (GPT-3.5, text-davinci, and Flan-T5) and three
datasets (HateXplain (Mathew et al., 2021)), implicit hate (ElSherief et al., [2021)),
and ToxicSpans(Pavlopoulos et al., 2022)) are selected for evaluation. They find
that including target information in the pipeline improves model performance
by approximately 20-30% over the baseline across datasets. On a similar note,
Plaza-del arco et al.| (2023) explore zero-shot learning with prompting for hate
speech detection, investigating its effectiveness in detecting hate speech across
three languages with limited labeled data. Their findings emphasize the importance
of prompt selection on performance and suggest that prompting, especially with
recent LLMs, can match or even surpass fine-tuned models, making it a promising
alternative for under-resourced languages/Yang et al.[(2023)) introduce a hate speech
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detection framework, HARE, which leverages the reasoning capabilities of LLMs
to explain hate speech to help users understand its harmful effects, enhancing
the supervision of detection models. Experiments on the Social Bias Inference
Corpus (Sap et al., 2020) and Implicit Hate benchmark (EISheriet et al., [2021)
show that their method, which uses model-generated data, consistently outperforms
baselines that rely on existing human annotations. Their analysis also reveals that
this approach improves explanation quality and enhances generalization to unseen
datasets.

With respect to LLMs for hate speech detection, there is a current turn towards
in-context learning, i.e., where an LLM directly performs a new task without
any update to its parameters by taking a test instance, new task description and a
few training examples (e.g. input-label pairs) as its input. Han and Tang| (2022)
adopt this method and use GPT-3, exploring ways to create effective prompts
to enhance performance for hate speech detection. They show that a significant
amount of input-label pairs is essential for achieving strong performance, and
that detailed task descriptions can further improve outcomes by incorporating our
prior knowledge to guide inference. Jin et al. (2024) introduce GPT-HateCheck,
a suite of functional tests for hate speech detection generated and validated by
large language models. Their empirical results showed that the generated examples
are more diverse and natural than the templated-based counterparts introduced in
previous work.

3.2.3 Generalizability in Hate Speech Detection

One of the most frequently discussed problems is the inability of models to gen-
eralize, namely the fact that models underperform when tested on a test set from
different source than the training set (Swamy et al., 2019 Karan and Snajder, 2018}
Grondahl et al., 2018)). This is a problem which also harmful language detection
systems have to face and which aggravates when the models have to deal with more
than one language or in the case of implicitness, i.e., “abusive language that is not
conveyed by (unambiguously) abusive words” (Wiegand et al., 2021). With regard
to the former case, |Yin and Zubiagal (2021) claim that, when models are applied
cross-lingually, there is a performance drop that indicates that model performance
had been severely over-estimated as testing on the same dataset the training set
derived from is not a realistic representation of the distribution of unseen data.
Attempts to improve the performance models involve merging seen and unseen
datasets, using transfer learning, (i.e., leveraging pre-existing knowledge of the
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model to improve performance) and re-labeling (Talat et al., 2018}; [Karan and:
Snajder, 2018). However, in the majority of cases, instances from the source
dataset are needed to achieve high performance (Fortuna et al., 2021). In addition,
various characteristics of datasets have been examined as variables for an effective
generalization, including the work of Swamy et al.| (2019), who suggested that
more balanced datasets are healthier for generalization, and that datasets need to be
as representative as possible of all facets of harmful language, in order for detection
models to generalize better.

When considering implicit forms of abusive language (including hate speech),
Wiegand et al.| (2021) highlight that very few resources exist, and that very little
is known about the implicit content in existing abusive language datasets. For
that reason, they create a taxonomy of subtypes of implicit abusive language that
enables a more fine-grained approach to detecting such cases. Some of these
subtypes (e.g., dehumanization and stereotyping) are addressed in Chapter [0 as
components of hate speech definitions.

Since there are variations of harmful language, topic generalization is also
seen as a gateway. [Chiril et al.| (2022)) digressing from standard binary approaches,
they perform cross-dataset knowledge transfer with different topical focuses and
targets (e.g., racism, sexism, xenophobia), showing that training on multiple topic-
specific datasets helps models generalize better than using a single, topic-generic
dataset. They also show that using a multitask approach, where models learn
to detect both hatefulness and the specific topic, enables finer-grained and more
adaptable hate speech detection, making it easier to generalize to new, unseen data,
as well as that injecting domain-independent affective resources (like SenticNet,
EmoSenticNet, and HurtLex) helps models generalize better to specific hate speech
expressions, especially in cases where annotated data for new topics or targets
is missing. |Bourgeade et al.| (2023) propose a set of topic oriented analyses of
the generalizability of harmful language datasets (on misogyny, sexism, racism,
xenophobia, etc.), and they show how topic-generic and topic-specific datasets
yield different degrees and nature of generalization, finally suggesting that the use
of mixtures allows smoothing out individual weaknesses. [Ludwig et al. (2022
analyzed how well hate speech classifiers generalize to different target groups
under controlled conditions, focusing on the HateXplain dataset. They found that
naive classifiers exhibit bias toward specific target groups, but unsupervised domain
adaptation can improve cross-target generalization, though results depend heavily
on the amount and type of training data. Other methods of aiding in generalization
includes incorporating sentiment or emotion analysis like in the case of Hong
and Gauch! (2023) who found that emotion knowledge enhanced generalizability,
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particularly for pretrained models not adapted to the detection of harmful language.

The challenge of generalizability is discussed in Chapter [, where we experi-
ment with different definitions of harmful language, in order to examine the ability
of a BERT-based classifier, as well as the robustness of harmful language datasets.

3.2.4 Cross-lingual Approaches to Hate Speech De-
tection

Recently, there has been an emergence of cross-lingual approaches in hate speech
detection. Given the limited resources in several languages, one-shot and few-shot
are two of the most preferred approaches (Mozafari et al., [2022; [Zia et al., [2022;
Tita and Zubiagal [2021; |Stappen et al., 2020). Another preferred approach is
knowledge transfer that can be enhanced with augmentation methods. For example,
Pamungkas and Patti (2019) implemented a hybrid approach with deep learning
and a multilingual lexicon to cross-domain and cross-lingual detection of abusive
content. Bigoulaeva et al. (2022]) used cross-lingual word embeddings to train
neural network systems on a source language and apply it to a target language to
make up for the lack of labeled examples. They also incorporate unlabeled target
language data for further model improvements by bootstrapping labels using an
ensemble of different model architectures. |Arango et al. (2021]) propose a hate
specific data representation (i.e., hate speech word embeddings) and evaluate its
effectiveness against general-purpose universal representations most of which,
unlike their proposed model, have been trained on massive amounts of data. They
focus on a cross-lingual setting, in which one needs to classify hate speech in one
language without having access to any labeled data for that language. Bigoulaeva
et al.| (2021) used bilingual word embeddings-based classifiers and they achieve
good performance on the target language by training only on the source dataset.
Using their transferred system, they bootstrap on unlabeled target language data,
improving the performance of standard cross-lingual transfer approaches. They use
English as a high-resource language and German as the target language for which
only a small amount of annotated corpora are available. Their results indicate that
cross-lingual transfer learning together with their approach to leverage additional
unlabeled data is an effective way of achieving good performance on low-resource
target languages without the need for any target-language annotations.

When considering cross-cultural approaches, it is essential to acknowledge
and account for the impact of cultural differences on annotation and translation.
Lee et al. (2023a)) delve into how individuals from different countries perceive
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hate speech, introducing CReHate, a cross-cultural re-annotation of the sampled
SBIC dataset (Sap et al., 2020). This dataset includes annotations from five distinct
countries: Australia, Singapore, South Africa, the United Kingdom, and the United
States. Their statistical analysis highlights significant differences based on nation-
ality, with only 59.4% of the samples achieving consensus among all countries.
In a separate study, Lee et al.[|(2023b) attempt to quantify the cultural insensitiv-
ity of three monolingual (Arabic, English and Korean) hate speech classifiers by
evaluating their performance on translated datasets from the other two languages,
showing that hate speech classifiers evaluated on datasets from other cultures yield
significantly lower F; scores, up to almost 50%. Compared to their study, Chapter 7]
of this thesis focuses on the initial machine translation step. More on cross-cultural
awareness, Hershcovich et al.| (2022) highlight the necessity of addressing the lack
of cross-culturality in NLP and explore existing strategies to pave the way for a
solution. They pinpoint three key areas for mitigating cross-cultural disparities:
data collection, model training, and translation. They emphasize the importance of
diverse annotation, understanding the trade-off between generalization and adap-
tation in model usage, and the limitations of reference-based evaluation methods,
advocating for culture-sensitive human evaluation. The approach of the study
presented in Chapter [7]is based on the three areas outlined by [Hershcovich et al.
(2022). However, the methodology diverges as the main aim is to automate certain
aspects of the parallel data generation pipeline by minimizing reliance on human
annotators through the use of translation.

3.3 Conclusion

This chapter provided an overview of the literature on hate speech detection, focus-
ing on key aspects of the task. First, annotation methods are discussed, highlighting
that annotator selection and the definitions employed remain contentious topics.
These issues are explored in detail in Chapters {] and [5] where I experiment with
re-annotation using both hate speech definitions and related legislative frameworks.
The aim is to evaluate which alternatives yield better results in terms of IAA, model
evaluation, and generalization. A major contribution of this thesis is the definition
resource HateDefCon, presented in Chapter [0 alongside an annotation framework
designed for cross-domain and cross-cultural definition comparison, touching upon
the issue of both the definitions and cross-culturality. Regarding cross-cultural
approaches, this thesis also introduces a parallel hate speech dataset generation
pipeline in Chapter [7} addressing the challenges inherent to such an approach.
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Lastly, while issues of bias are addressed throughout the thesis, Chapter [§] focuses
specifically on the textual characteristics of harmful content that may trigger bias
and influence annotators’ perceptions, as discussed in the present chapter.
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Chapter 4

Harmful Language Datasets

An Assessment of Robustness

Many forms of harmful language impact social media despite efforts —legal
and technological— to suppress it[l A robust solution has yet to emerge, as
detecting online harmful language is called to face many challenges, including
the absence of a universal definition—necessary for a generalizable approach—or
persistent biases, both of which are discussed in Chapter@

From blanket terms, such as abusiveness and offensiveness to sub-categories,
such as misogyny and cyber-bullying, researchers have explored many variations
of harmful language. However, this begs the question of how to select and compare
the possible definitions, especially when some categories allow for more accurate
predictions for cross-dataset training than others (Fortuna et al.,[2021)). This chapter
focuses on how using different definitions during annotation affects the robustness
of harmful language datasets, and their consequent utilization for fine-tuning. A re-
annotation of existing datasets with a range of definitions is performed and is later
replicated to assess robustness. A qualitative error analysis on the re-annotations
follows, which shows that even instances that contain potentially harmful terms
might not be perceived as harmful by annotators, underlining the subjectivity of
the task. Finally, the generalizability of the existing datasets across the different
definitions is analyzed by training BERT-based classifiers and testing them on the
original annotations and the re-annotations, concluding that evaluating on broader
definitions can yield higher accuracy.

At this point, it must be noted that the term harmful language is used as a

Ihttps://edition.cnn.com/2022/06/14/asia/japan-cyberbullying-law-intl-hnk-sicli/
index.html
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wildcard term that can be potentially replaced with any term that refers to harmful
language, such as toxicity and abusiveness. Section[d.T] presents the re-annotation
strategy. In Section 4.2 the experimental setup for training and evaluating with the
original and the re-annotated datasets is presented. Finally, the chapter concludes
with a discussion of the results and an assessment of the contribution in Section4.3]
concluding with an overall summary in Section 4.4

4.1 Methodology

This section discusses the methodology of this study which is divided in two parts.
The first part investigates whether closely-related definitions have an effect on
inter-annotator agreement while the second part examines the compatibility and
versatility of the present datasets by using them to train models.

4.1.1 Annotation Experiments

In order to study the effect of the definition on inter-annotator agreement, a re-
annotation of harmful language datasets is conducted by using alternating defini-
tions and by repeating the annotation in rounds for robustness.

Datasets This study is inspired by the work of [Fortuna et al.[(2020) on the
empirical analysis of hate speech datasets (see Sections [2.1and [3.1)). The initial
idea for this study was to use the same data used in Fortuna et al. (2020)) in order
to produce comparable results. However, not all of the datasets could be used, as
the classes used would make it harder for the models to generalize since they refer
to specific target groups. For example, the AMI dataset (Fersini et al., 2018) refers
specifically to women and the HatEval dataset (Basile et al., 2019) to immigrant
minorities. Therefore, the final selection of datasets includes Davidson (2017a)),
TRAC-1 (Kumar et al., 2018b), and Toxkaggle (Jigsaw, 2019). It must also
be noted that, for this research, the Davidson dataset is split into two subsets:
DavidsonHS (for hate speech) and DavidsonOFF (for offensiveness), as the two
classes correspond to two different definitions of harmful language.

Data Compilation For the purposes of the annotations, 5 different batches
of data that contain instances from all aforementioned datasets are created. Each
batch contains an equal number of different instances from each dataset, while the
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Dataset Annotation Procedure Classes Source
DavidsonHS | Begining with the hatebase lexicon | Hate speech (25), | Twitter
(Davidson then CrowdFlower, users coded each | Not-Hate Speech
et al[2017a) | tweet (minimum number of annota- | (25)

tions per tweet is 3 , sometimes more
users coded a tweet when judgments
were determined to be unreliable by
CF).
DavidsonOFF | Same as above Offensiveness Twitter
(Davidson (25), Not-
et al.,2017a) offensiveness
(25)
TRAC-1 The annotation was done using the | Overtly Aggres- | Facebook
(Zampieri Crowdflower platform but by what is | sive (OAG) (13),
et al., 2019; | known as ‘internal’ annotators in the | Covertly Aggres-
Kumar et al., | Crowdflower lingo. The whole of an- | sive (CAG) (12),
2018bjal) notation was done by 4 annotators — | Non-Aggressive
all of them were native speakers of | (NAG) (25)
Hindi, with a nativelike competence in
English and were pursuing a doctoral
degree in Linguistics.
Toxkaggle Not provided. Threat (3), Iden- | Wikipedia
(Jigsaw, tity hate (3),
2019) Severe Toxic (3),
Insult (3), Ob-
scene (4), Toxic
(9), NonToxic
(25)

Table 4.1: Basic description of dataset. This table was inspired by a similar table
found in [Fortuna et al. (2020). Davidson et al. (2017a) dataset was split into
two separate datasets as Hate Speech and Offensiveness are considered different

definitions.

instances are also shuffled. The total number of instances of each of the batches
was 200 (out of which we randlomly selected 80 as test questions, for quality
control)ﬂ In each batch we keep a balanced distribution between positive and

Test questions are sample questions that are used to pilot an annotation experiment and assess
the quality of the annotators in crowd-sourcing scenarios (Barthet et al., 2023).
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negative instances (i.e., harmful language vs non harmful language), while we
also keep the balance among the classes derived from each dataset, following the
suggestions of Swamy et al.|(2019) for better generalisation. Information about
class distribution is presented in Table 4.1]

Term Definitions of harmful language Citation
TOXIC A rude, disrespectful, or unreasonable com- | (Jigsawl2019)
ment that is likely to make you leave a discus-
sion.

ABUSIVE Hurtful language, including hate speech, | (Founta et al.,'2018)7
derogatory language and also profanity
OFFENSIVE | Containing “any form of non-acceptable lan- | (Zampieri et al[[2019)
guage (profanity) or a targeted offense, which
can be veiled or direct.”

HATE Expressing hatred towards a targeted group or | (Davidson et al.| 2017a)
is intended to be derogatory, to humiliate, or
to insult the members of the group. In extreme
cases this may also be language that threatens
or incites violence.

HOTA Any of the following: Hateful, Offensive, | Ours
Toxic, Abusive language (HOTA)

Table 4.2: The terms and definitions of harmful language that were provided to the
annotators during re-annotation.

Annotation Procedure The annotation procedure consists of five annota-
tion experiments, each relating to a different definition for potentially harmful
content. For the annotation, we used crowd-sourcing via the Appen platformﬂ The
guidelines for the annotations can be found in Appendix [A] Since this project was
carried out in collaboration with Jigsaw, E|the raters were compensated according
to the company’s regulations, namely a compensation above minimum wage for the
annotator region (USA), based on estimates of time to task completion. Jigsaw’s
regulations with regard to Appen annotations include reviewing feedback from
raters to insure that the task is considered doable and that the raters feel they are
compensated fairly.

3https://appen.com/
4Jigsaw is a unit within Google that explores threats to open societies, and builds technology
that inspires scalable solutions.https://jigsaw.google.com/
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Figure 4.1: Data compilation and annotation procedure. Instances from the 4

datasets were used to create a new dataset that would later be divided into 5

annotation batches.

Each re-annotation experiment was repeated 5 times with different data each
time. This variation in the data helps to ensure that the results are not specific to a
particular dataset and can be generalized.

Regarding the guidelines, annotators were instructed to read carefully the
given definition and examples, and decide whether each text was harmful or not
according to the definition provided. The same examples were provided to the
annotators across all annotation experiments, and the only thing changed was the
term and the definition of harmful language, presented in Table d.2] Since we used
crowd-sourcing, each batch is not necessarily annotated by the same annotators.
The quality of the annotators was ensured provided they answer correctly the
aforementioned test questions. The data compilation and annotation procedure is
also summarized in Figure d.1]
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Figure 4.2: Boxplots showing Krippendorf’s alpha inter-annotator agreement. The
y axis shows the Krippendorf’s alpha values while the x axis shows the different
datasets. Each plot refers to a different definition.

4.1.2 Annotation analysis

An initial exploratory analysis of the results of the annotation not only shows low
inter-annotator agreement in general but also inconsistency both across datasets
and across repetitions. This is illustrated in Figure .2 which presents boxplots of
Krippendorff’s alpha inter-annotator agreement, with each boxplot corresponding
to a different definition used during the annotation process. Among the 5 defini-
tions, Toxicity and HOTA (see Table 42| for the acronym explanation) show more
consistent annotation despite the low inter-annotator agreement, which is under 0.5.
This poses the question of whether we should trust high inter-annotator agreement
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and potential inconsistency among repetitions or accept a lower but more robust
inter-annotator agreement. Moreover, looking at the inter-annotator agreement
per dataset, we see that instances of datasets that were originally annotated with
a given definition present a more consistent annotation when re-annotated with
another definition. For example, we would expect DavidsonHS to have a more
consistent inter-annotator agreement when annotated for hate speech, but we see
that it is when it is annotated for toxicity that the result is more robust. Similarly,
DavidsonOFF presents slightly more consistent results when annotated for hate
speech and abusiveness rather than offensiveness.

Example Source
1. according to you my place is in kitchen. Excuse me while I take out the | Davidson
trash

2. It’s because you can’t bend me, you can’t buy me and you can’t make | Davidson
me into your nigger!

3. California’s biggest retards Davidson

4.  “Just because she has light skin doesn’t mean anything... I know some | Toxkaggle
Asian with really dark brown skin but that doesn’t make them any less
Chinese”

5. and we shud also destroy taj mahal... qutub minar ....laal gila aftr that | TRAC-1
visiters seen only GBRoad vd hvng a fun vd ur neighbours

Table 4.3: Texts from the evaluation sets with the highest variance of inter-
annotator agreement.

Annotation variance can be used to isolate instances with high disagreement.
Table .3 presents a subset out of the 10 instances with the highest variance per
definition that were sampled for the analysis. When annotated for toxicity, these
posts included forms of irony. For instance, the example of the 1st row is possibly
written by a woman, which might mean that the intention is not to be toxic but to
cauterize misogynistic behaviours. In addition, many posts contained vocabulary
that is associated with negative sentiments, such as “crazy”, “cheater”, and “hate”.
With regard to abusive language, annotators disagreed even for instances that
present raw profanity (“bitch”, “cocksucker’), potential racism as seen in the 2nd
example of the table, and ableism as seen in the third. Similarly, when annotating
for offensiveness, the raters did not necessarily annotate positively an instance
that contained profanity. Also, racist instances that do not contain obscenities
might have been trickier to classify. For example, the author of the 4th example
resorts to ostensibly logical reasoning that might disguise the racism that pervades
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the sentence. Compared to the other definitions that were given during the re-
annotation, the sampled re-annotations for hate speech did not show any clear
pattern possibly because the definition of hate speech is more restricting referring
to specific target groups. However, the same holds true for HOTA, which was
the broader term during the re-annotation. The sample that we checked during
this qualitative analysis included profanity, references to homosexuality or racism
and misogyny, as well as instances that did not contain any harmful language.
Noteworthy is also the fact that the sentence in Example 5 appeared with high
variance in 3 out of 5 definitions, possibly because of the mixed language use and
modified words.

4.2 Experimental setup

The main focus of the experiments is to determine to what degree, and under which
conditions (i.e., with which harmful language definition-annotated dataset), the
models yield more robust results and generalize better. Two experiments were
conducted:

Experiment 1: Testing on the original ground-truth The goal
of this experiment is to evaluate the ability of the BERT-based models trained
on the original datasets to perform on test sets that rely on the original ground
truth annotations. This setup allows to assess how effectively models trained on
the original specific annotations can generalize when tested against the labeling
schemes of the original datasets.

Experiment 2: Testing on the re-annotations as ground-truth
This experiment evaluates the classifiers by testing them on ground truth derived
from the re-annotations. The focus here is to explore whether the fine-tuned
model aligns more with the re-annotations rather than the originally annotated
ground-truth.

4.2.1 Datasets

We use the same four datasets that were used in re-annotation (Davidson et al.,
20174; Kumar et al.l 2018b; Jigsaw, 2019) to perform harmful language classifica-
tion (toxicity/hate speech/offensiveness/abusiveness). More specifically, we first
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Figure 4.3: Heatmap showing the accuracy on the different test sets using the origi-
nal ground truth (horizontally) when the model is trained on each corresponding
dataset (vertically).

extracted the 1,000 (200 per definition) instances used for the human annotation
from the original datasets. Then, with the remaining instances we created 4 bal-
anced datasets that contained an equal amount of positive and negative instances
(2650 1in total). The evaluation of the model was carried out by calculating the
accuracy with respect to the original annotation labels and the ones produced for
the new annotation.

4.2.2 Model training

The experiments used the four re-annotated datasets: DavidsonHS, DavidsonOFF,
Trac-1, and Toxkaggle. The ktrain library for text classification 2020)°)

Jhttps://github.com/amaiya/ktrain
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Evaluation (re-annotated)

Training Definition DavidsonHS | DavidsonOFF | TRAC-1 Toxkaggle

Toxicity 0.75 (-0.07) 0.69 (-0.10) 0.75 (-0.04) | 0.83
Hate Speech 0.64 (-0.18) 0.59 (-0.20) 0.58 (-0.21) | 0.59 (-0.16)
DavidsonHS Offensiveness | 0.64 (-0.18) 0.64 (-0.15) 0.56 (-0.23) | 0.62 (-0.13)
Abusiveness 0.63 (-0.19) 0.57 (-0.22) 0.62 (-0.17) | 0.59 (-0.16)
HOTA 0.76 (-0.06) 0.78 (-0.01) 0.78 (-0.01) | 0.82

Toxicity 0.64 0.72(-0.10) | 0.83 0.75

Hate Speech | 0.58 (-0.10) | 0.63 (-0.19) | 0.59 (-0.04) | 0.59 (-0.02)
DavidsonOFF || Offensiveness | 0.50 (-0.18) | 0.66 (-0.16) | 0.56 (-0.07) | 0.59 (-0.02)
Abusiveness | 0.57 (-0.11) | 0.61(-0.21) | 0.62(-0.01) | 0.60 (-0.01)

HOTA 0.62 (-0.06) 0.76 (-0.006) 0.84 0.74

Toxicity 0.67 (-0.05) 0.59 (-0.006) 0.50 (-0.18) | 0.53 (-0.13)

Hate Speech 0.69 (-0.03) 0.66 0.53 (-0.15) | 0.63 (-0.03)
TRAC-1 Offensiveness | 0.69 (-0.03) 0.63 (-0.02) 0.55 (-0.13) | 0.66 (=)

Abusiveness 0.70 (-0.02) 0.64 (-0.01) 0.51 (-0.17) | 0.65

HOTA 0.71 (-0.01) 0.66 0.47 (-0.21) | 0.57 (-0.09)

Toxicity 0.73 (-0.04) 0.67 (-0.04) 0.77 (-0.04) | 0.85

Hate Speech 0.68 (-0.09) 0.67 (-0.09) 0.63(-0.18) | 0.61 (-0.13)
Toxkaggle Offensiveness | 0.67(-0.10) 0.69 (-0.02) 0.63(-0.18) | 0.68(-0.06)

Abusiveness 0.71 (-0.06) 0.65 (-0.006) 0.63 (-0.18) | 0.61 (-0.13)

HOTA 0.79 0.77 0.81 (=) 0.83

Table 4.4: Accuracy of BERT trained per dataset (1st column), using the original
annotations, and evaluated on our re-annotations per definition. In parentheses is
the accuracy increase (green) or decrease (red) compared to the scores obtained on
the evaluation data with the original annotations (Figure @

was employed, using the BERT-base-uncased model for fine-tuning. A batch size
of 32 was set, and the default hyperparameters provided by the ktrain library, such
as the learning rate, were applied. Fine-tuning was conducted for up to 7 epochs,
with early stopping implemented using a patience value of 4. The maximum token
length for inputs was set to 100 to align with the characteristics of the datasets.

4.2.3 Results

We assess the classifiers using both the original and the re-annotated ground truth.
Using the source annotations as our evaluation ground truth, the accuracy of the
classifiers is presented in Figure [4.3] We observe that when the model is trained
on DavidsonHS datasets, it reaches an accuracy of more than 0.75 in all test sets.
As expected, the accuracy is higher when the model is also tested on DavidsonHS.
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When the model is trained on DavidsonOFF the accuracy is high only when tested
again on DavidsonOFF. Training with Toxkaggle results in more than 0.70 accuracy
in all test sets, with the highest accuracy in the TRAC-1 test set (0.81). TRAC-1,
on the other hand, shows the lowest accuracy across all test sets (0.65-0.72), with
the highest accuracy obtained when testing on DavidsonHS.

Using the re-annotations as the evaluation ground truth, is shown in Table 4.4]
The classifiers did not manage to generalize across datasets consistently, which is
shown by the fact that accuracy decreases, in comparison to the scores obtained
when the original annotations were used for testing our models. There are sparse
exceptions where the accuracy increases, for example, when training on Toxkaggle
and testing on re-annotations of HOTA, where results were equal (TRAC-1) or
better (DavidsonHS, DavidsonOFF, Toxkaggle). In general, the highest accuracy,
although still low in terms of what current language models can achieve, is achieved
when testing either on the toxicity or HOTA re-annotations. Excluding Toxkaggle,
however, we observe that accuracy deteriorated in our re-annotations even when
evaluating on test sets derived from the same source as the training set, except for
TRAC-1 that presents a slight increase of 0.01 when testing on hate speech and
HOTA.

4.3 Discussion

This study offers a new perspective on existing harmful language datasets and urges
the NLP community to re-examine current labeling practices through re-annotation.
The experiments in this thesis highlight the subjectivity of annotations and em-
phasize that different types of harmful language cannot be treated as equivalent
categories. This complements the work of [Pachinger et al.| (2023)), discussed in
Section [3.1) who reveal that many categories used for harmful language either
overlap or represent hypernyms or hyponyms of one another.

Taking into account the existing literature (Fortuna et al., 2020; Karan and
§najder, 2018; Swamy et al., 2019; Yin and Zubiaga, [2021)), this study confirms
that models face a serious difficulty generalizing, while they can perform better
when tested on the same dataset they were trained on, as happens with the two
Davidson datasets. Yet, our results show some other promising aspects when it
comes to model generalization for toxicity detection purposes, as well as building
robust datasets through a transparent annotation procedure. More specifically,
we see that the models perform better in the two most general definitions, i.e.,
Toxicity and HOTA. This can be due to pragmatic reasons, namely, classifying
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items using broad definitions can be an easier task for both the annotators and the
trained models. On the other hand, it might be a matter of compatibility between
the training data and the testing data. For example, the classes used in the re-
annotation procedure were more similar to the ones used in the two Davidson
sub-sets and Toxkaggle, while they were more different compared to TRAC-1 for
which also another definition was originally used (Aggressiveness) that we did
not include in our experiments. Focusing on such differences among different
datasets could enable researchers to outline the DOs and DON’Ts for annotations
and dataset compilation. According to Fortuna et al. (2020), fine-grained toxicity
categories are not the optimum option, while more general categories yield better
results. Considering that, for the purposes of this experiment we tried to binarize
and simplify the datasets, as much as possible, by separating the Davidson dataset
and by merging the subcategories in TRAC-1 and Toxkaggle. However, this did
not help the performance when it comes to TRAC-1. One possible reason behind
this could be the fact that TRAC-1 contains implicit aggressiveness that is harder to
detect, even when the model is trained on the respective dataset. The difficulty to
detect implicit aggressiveness or other forms of toxicity is not only true for models,
but also for human annotators as we saw in Section 4.1.2]

4.4 Conclusion

In spite of recent advances, model generalization in harmful language detection
still has significant limitations, particularly when applied across diverse datasets,
which have been originally annotated with different definitions. This part of the
thesis highlights the critical issues surrounding harmful language definitions, model
generalization, and dataset compatibility.

First, a re-annotation experiment was conducted with publicly available datasets,
employing crowd-sourced annotators. This experiment revealed the subjectivity
inherent in harmful language annotation. Broader definitions, such as Toxicity
and HOTA, resulted in more consistent annotations, suggesting that simplicity and
generality in annotation guidelines lead to improved robustness.

Second, I trained BERT-based classifiers using the same datasets. Consistent
with prior research, the experiments demonstrated that models perform better
when tested on the same datasets they were trained on. This was particularly
evident in the DavidsonHS and DavidsonOFF datasets, where training and testing
compatibility resulted in higher accuracy. However, the models struggled to
generalize effectively when tested on datasets with different definitions or implicit
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forms of harmful language, such as TRAC-1, which focuses on aggressiveness.

The fact that both annotators and models cope better with broader categories
should not necessarily be seen as an advantage as that might mean that annotation
and models cannot capture more subtle details provided by the definitions. This
issue is also discussed in Chapter [0] of this thesis.

These findings emphasize the importance of creating more transparent and
pragmatic annotation procedures to build robust datasets. They also highlight the
need to establish best practices for dataset compilation, including the use of broader
definitions and careful consideration of class compatibility. Re-annotation is a way
which can be exploited to do so.

The next chapter will zoom in on a specific category of definitions: defini-
tions of hate speech within national legislation. It will examine whether such
definitions—grounded in criteria established and enforced by governmental author-
ities—can improve the processes of annotation and classification of hate speech
detection.
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Chapter 5

Hate Speech According to the Law

One of the most important challenges for hate speech detection highlighted in the
previous chapters is the universal inability to agree on a single definition of hate
speech (Pachinger et al., 2023} |Khurana et al., 2022; [Fortuna et al., [2020; Davidson
et al.,|2017bj [Fino, 2020), obstructing the creation of generalizable solutions both
regarding legislations and NLP applications. The specific issue stems from the
subjectivity that lies in the interpretation of hate speech due to different cultural or
individual life experiences (Sap et al., 2022; Waseem, 2016). Especially in today’s
multicultural societies, it is necessary to be aware “of the contexts, and of the power
relations involved in balancing hate/free speech, as it is crucial in the analysis of
regulation, legislative or other, as well as in any normative debate” (Maussen and:
Grillo, 2014).

Given that definitions can be subjective, this chapter turns our attention to hate
speech laws. |Guillén-Nieto| (2023) explains that hate speech as a social and legal
notion are inherently connected. Socially, hate speech contributes to conflicts and
conditions favorable to hate crimes. Hate speech on online platforms often precedes
or coordinates racially motivated attacksﬂ For instance, Joshua Bonehill-Paine
was prosecuted for racially harassing an ex-Labour MPE| Legally, it is seen as “an
abstract endangerment statute”, balancing the rights to freedom of expression and
dignity. Therefore, the assumption is that legislation might provide us with insights
and more robust definitions for hate speech detection that are actually culturally
informed. The research questions that concern this chapter are:

Thttps://www.cfr.org/backgrounder/hate-speech-social-media-global-comparisons
Zhttps://www.theguardian.com/uk-news/2016/dec/07/racist-troll-guilty-harassing-labour-mp-
luciana-berger-joshua-bonehill-paine

67
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1. How does the annotation of hate speech using laws, as compared to conven-

tional definitions (derived from dictionaries or research or customized for
a specific task), influence expert inter-annotator agreement, and does this
effect vary across countries with different hate speech legislation?

2. Are the discrepancies in inter-annotator agreement reflected in the perfor-

mance of PLMs and LLMs in hate speech detection?

. Given the challenging and time-consuming nature of manually creating

datasets for prosecutable hate speech, can LLM-generated instances be used
to improve the performance of PLMs in detecting prosecutable hate speech?

As in the previous chapter, this one is concerned with both annotation and

model experiments. The annotation experiment uses three hate speech legislations
from distinct countries, specifically Greece, Italy, and the United Kingdom. For
our model experiments, diverse PLMs are employed (Section [5.1.2)), while also
exploiting zero-shot and few-shot methods with two LLMs: Qwen2-7B-Instruct
(Yang et al/,2024) and Meta-Llama-3-70B-2-9b (AI@Meta, 2024) (Section [5.1.3).
Subsequently, Qwen?2 is also used to automatically generate labels for an additional
1000 instances, to be used to improve the performance of the PLMs (Section [5.2.3).
The contributions can be summarized as follows:

5.1

* One of the outcomes of this study is the first cross-country, expert-annotated

dataset on prosecutable hate speech, considering the legal ramifications of
published hate speech content and examining its legal compliance.

Through a cross-country analysis of hate speech, it is shown that inter-
annotator agreement varies based on the legislation used during annotation.
Interestingly, this variation does not necessarily overlap with the model
evaluation, suggesting that PLMs and LLLMs may carry their own inherent
biases.

LLM-generated data do not improve PLM performance, highlighting the
still-present necessity of human annotation or a human-in-the-loop approach
for prosecutable hate speech detection.

Method

The focus of this study is on the laws of Greece, Italy, and the UK, for prosecutable
hate speech detection purposes. The laws are retrieved from the Global Handbook
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of Hate Speech Laws, which provides a translated version of the laws into English
(see Appendix El The method involves, (1) obtaining expert judgements on a
sample of HatEval (Basile et al., 2019) on prosecutable hate speech; (2) exploiting
state-of-the-art hate speech PLMs, and LLMs, using zero-shot, few-shot techniques
and leave-one-out cross validation; and (3) generating silver labels for an additional
1000 instances for improving the PLMs.

5.1.1 Data and Annotation

For the annotation, instances from HatEval (Basile et al., 2019) are used, a dataset
in English which contains hate speech instances both against immigrants and
women, annotated via crowd-sourcing. A total of 100 hateful instances were
extracted from the dataset.

A re-annotation was conducted with the help of three experts. Expert A is a legal
expert, currently a PhD candidate in Criminal law. Expert B is a master’s student
in Criminology. Expert C holds a master degree in European Law. All of them
possess a near-native level of English. They all annotated the sentences voluntarily
after examining the three laws (Greek, Italian, and British) by providing labels
about whether the given instances were prosecutable hate speech or not. There
was also a section for comments that allowed the detection of some ambiguous
or controversial cases. Each annotation round, which involved evaluating the
100 examples, took around 10 hours to complete for all three laws. The experts
reported that they needed 3 hours to read and study the document on the laws
and make a summary. They reported that they had to study additional legislative
material to be able to judge responsibly. Judging the instances took about 7 hours
in total. According to the experts, this is not an easy task. Some tweets were
easy to understand and assessing whether the hate speech in them could be subject
to prosecution was straightforward. Some others required a significant amount
of research, which involved the interpretation of the meaning of the hashtags
and abbreviations, as well as the disambiguation of slang and ambiguous words
according to the interpreted intent and context of the post. For example, there were
cases where the instance could be liable to be sued in court but only for insult or
defamation rather than hate speech. This type of annotation is not feasible by other
means, such as crowd-sourcing.

Table [5.1] reports the agreement measures. The three experts labeled the in-
stances differently, with Experts B and C being the pair with the highest agreement

3https://futurefreespeech.com/global-handbook-on-hate-speech-laws/
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National| Cohen’s kappa  Class: is prosecutable?
Law A&BB&CC& A‘Yes Likely Unlikely No

Greece | 020 025 0.12 | 4 16 32 48
Italy 031 059 0379 16 17 58
UK 039 061 030 |8 11 2259

Table 5.1: Cohen’s kappa and the number of instances per ordinal class according
to the different country laws.

(0.59 for Italy and 0.61 for the UK). The poor to slight agreement among the pairs
of experts suggests inconsistency in their assessments of whether something is
prosecutable according to the Greek law, with an average agreement of 0.19. For
the Italian and the UK laws, the agreement is moderate, with an average agree-
ment of 0.42 and 0.43, respectively. Hate speech datasets typically present low
inter-annotator agreement, due to the subjective nature of the task as well as its
dependance on the annotation scheme (Casula and Tonelli, 2020). The results
also point to the subjectivity of law interpretation —even by experts— a frequent
phenomenon that, among others, often leads to the appealing of court decisions (Do-
nato, |1988)). The challenge of achieving a high inter-annotator agreement is also
explained in Braun| (2023)) and in Wacholder et al.| (2014) where they emphasize
the inherent subjectivity of legal annotation, as each individual interprets the law
in a different manner, adding that in many cases the inter-annotator agreement is
not even reported.

The judgement variation relates to the main criterion for considering an instance
of hate speech liable under the law, which is the fact that the offensive or aggressive
verbal act must incite violence on the basis of a social or minority characteristic,
e.g., gender, religion, race. In that case, and due to the lack of context and other
verbal markers, it proved hard for the experts to clearly perceive the possibility of
whether those instances could in fact incite violence.

Additionally, the disagreement arises from the subjective global knowledge or
experiences of each expert. For example, in the case of the tweet, “Deport them all!
#BuildThatWall”, two experts felt that the wording and call for deportation did not
necessarily reflect racial motives. However, the third expert, taking into account fac-
tors such as the timing of the tweet, the political climate, and the implied reference
to the US—Mexico border wall, interpreted the tweet as prosecutable hate speech.
These differing perspectives do not necessarily imply that one interpretation is
wrong. Instead, it highlights the need for clear guidelines in the task—specifically,
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whether background information, such as political context, should be considered or
not. In summary, the disagreement can stem from varying perspectives on issues
like the potential for incitement to violence, the distinction between defamation
and hate speech, and how one connects the instance to current events.

Taking the above into consideration, this study is aligned with the opinion
of Basile| (2020) who claims that when it comes to annotating highly subjective
tasks such as hate speech, the opinions of all the experts can be correct and that
disagreeing annotations that come from diverging opinions should be equally
considered in the construction of a gold standard dataset. Due to those differences,
and with respect to the opinions of all the experts, the task is formulated as an
ordinal regression problem. Cases where all experts label positive are considered
prosecutable hate speech, cases where two experts agree that an instance is
prosecutable are considered likely prosecutable, cases where only one expert
claims that an instance is prosecutable are considered unlikely prosecutable.
Finally, cases where all experts label negative are considered not prosecutable
hate speech. Table [5.1| presents the class distribution.

By examining texts labeled differently by the annotators, differences and simi-
larities in the legal principles are observed. For instance, the Italian hate speech law
(Law 167/2017) overlooks gender issues, resulting in most hate speech instances
being outside the scope of prosecutability, whereas they might be punishable under
the laws of Greece and the UK. On the other hand, there is a gap in interpretation
of legal coverage against hateful language towards immigrants in Greek and Italian
legislation, where many cases considered negative are deemed positive according
to UK law.

5.1.2 Selected PLMs

Using the new legal expert-judged dataset, four BERT pretrained models are fine-
tuned and tested. The assessment departs from three hate speech BERT models
and one legal BERT model:

HateBERT. (Caselli et al.,2021) based on the English BERT base model (De+
vlin et al, 2019). It was further trained for the task of hate speech detection on
more than 1 M posts from banned communities from Reddit.
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DehateBERT. (Aluru et al} [2020) fine-tuned on multilingual BERTf| and
trained for the task of hate speech detection with different learning rates in a
monolingual English setting, using various established hate speech datasets.

HateRoBERTa. (Vidgen et al., 2021b) which used a human-and-model-in-
the-loop process for training an online hate detection system using RoBERTa (Liu
et al., [2019).

LegalBERT. (Chalkidis et al., 2020) which is pretrained on 12 GB of diverse
English legal text from several fields (e.g., legislation, court cases, contracts)
scraped from publicly available resources, using BERT-base (Devlin et al., 2019).

The assessment of the capabilities of the models is carried out on the basis of
Leave One Out Cross Validation (LOOCYV). That is, 100 train-and-testing runs are
performed in order to have all instances as the test set once. In all cases, the models
are fine-tuned for 50 epochs, with early stopping with patience 2, with a learning
rate of le-5, an AdamW optimizer, and a batch size of 32. The output layer has
four units corresponding to the four classes, and softmax is used as the activation
function. The classes are mapped accordingly:

non prosecutable if class = 0

unlikely prosecutable if class =1
output = . .
likely prosecutable if class = 2

prosecutable if class = 3

The models are evaluated using Mean Absolute Error (MAE) and Mean Squared
Error (MSE), with a focus on the differences between the models and the accuracy
of their predictions compared to the gold-standard. A lower error value indicates
better model performance, with a maximum MAE of 3 and a maximum MSE of
9. The results are described in Section[5.2] Additional F; scores are provided in

Appendix

5.1.3 Selected LLMs and Prompting Strategies

Two LLMs and six prompting strategies are also employed to extend the benchmark
while investigating possible biases of the LLMs in favor of laws of a specific

4https://github.com/google-research/bert/blob/master/multilingual.md
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country. The LLMs are Qwen2-7B-Instruct (Yang et al., 2024) and Meta-Llama-3-
70B-2-9b (Al@Metal 2024). Both zero- and few-shot settings are considered:

Zero-shot agnostic (0-shot). The prompt asks to what degree a given
instance should be considered prosecutable hate speech. In this case, no example
is included (be it positive or negative) from the dataset, nor a legislation, in the
prompt.

Zero-shot with law (0-shot w/LLaw). The same as in O-shot, but this time
the full country-specific hate speech law is also provided in the prompt.

Few-shot agnostic (n-shot). As in 0-shot, but this time a balanced amount
of n randomly-selected instances is concatenated to the prompt.

Few-shot with law (n-shot w/Law). As in 0-shot w/Law, but this time a
balanced amount of n randomly-selected instances is concatenated to the prompt.

LOOCY agnostic. As in the n-shot, but this time 99 instances selected from
the dataset are concatenated, leaving out one instance each time for validation, and
use the remaining instances as the prompt.

LOOCY with law. As in the LOOCYV, but this time the law is also concate-
nated to the prompt.

In the few-shot settings, n € {4,8, 12} are used, as we aim to distribute exam-
ples evenly across the four classes whenever possible. Therefore, the distribution
is for n = 4 : 1 example per class , for n = 8 : 2 examples per class, and for
n = 12 : 3 examples per class, which is the maximum number of examples we
could equally take from each class. We chose this balanced setup in order to avoid
that the model be nudged more toward classes that are shown more frequently.

5.2 Experimental Results

The experimental results are presented in three segments, beginning with the
benchmarking of the PLMs, followed by an analysis of the two LLM-based results,
and concluding with a discussion on the impact of silver labels on the performance
of the PLMs.
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Country HateBERT DehateBERT HateRoBERTa LegalBERT
MAE MSE MAE MSE MAE MSE MAE MSE
Greece 0.60 0.92 0.54 0.68 0.56 0.88 0.61 0.85
Italy 0.58 1.12 0.48 0.64 0.51 1.01 0.44 0.62
UK 0.59 1.19 0.59 0.89 0.50 0.98 0.48 0.80

Table 5.2: MAE and MSE of the PLMs fine-tuned and evaluated with LOOCV.
In gray background are the best scores per model. In bold are the best scores per
country.

5.2.1 PLM Leave-One-Out Cross-validation

Table [5.2] provides a comparative analysis of the performance of the different
models in predicting the ordinal values representing the degrees of hate speech
prosecutable in the laws of the three different countries.

DehateBERT consistently demonstrates the lowest error rate for the laws of
Greece, achieving the lowest MAE (0.54) and MSE (0.68), indicating its robustness
in this context. For Italy, Legal BERT performs best, with the lowest MAE (0.44)
and MSE (0.62), showing that it is more adept to handle instances annotated
according to the Italian hate speech law. HateRoBERTa performs better with
the UK-law-annotated part of the dataset, with the lowest MAE (0.50), while
LegalBERT shows the overall best MAE (0.48) and MSE (0.80) for the UK. This
variation among the models highlights the importance of evaluating them within
specific linguistic, cultural, and legal contexts to ensure their effectiveness.

Overall, LegalBERT demonstrates fewer errors when evaluated against experts’
judgments based on hate speech legislation. One possible reason for this is that
LegalBERT’s pretraining included legal documents, particularly those related to
UK legislation. This highlights the potential value of pretraining models on legal
texts, when considering the task of prosecutable hate speech, as an alternative to
relying solely on datasets of hate speech instances.

5.2.2 LLM Prompting

Tables [5.3a] and [5.3b| provide insights into the LLMs’ performance with different
prompting setups. It is noted that in the majority of the cases the error scores
drop when we integrate the actual legislation in the prompt. In some cases the
performance is improved the more examples we use, as we see with Qwen2, in
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Country w/o Law w/Law
4-shot 8-shot 12-shot 4-shot 8-shot 12-shot
MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE

Greece 091 | 1.53 089 ' 1.61 087 147 0.78 122 084 142 091 157
Italy 092 1.68 | 088 1.72 [0.67 127 058 198 [ 0.63 0.99 057 091

UK 090 188 094 196 093 2.11 098 202 091 1.67 0.73 1.29
(a) Qwen2
Country w/o Law w/Law
4-shot 8-shot 12-shot 4-shot 8-shot 12-shot

MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE
Greece 090 150 121 247 102 194 1.06 188 1.11 223 1.16 2.14

Italy 1.08 2.06 125 263 135 3.03 1.08 2.04 121 247  1.12 220
UK 1.09 233 115 259 122 266 1.08 218 1.18 246 1.15 2.19
(b) Llama3

Table 5.3: MAE and MSE for the few-shot approaches. The column “w/Law”
indicates that we also use the actual hate speech law in the prompt. In gray
background are the best scores per setting. In bold is the best score per country.

the 12-shot and the LOOCYV setups. Although the error scores are low, the overall
performance is lacking, as there are cases where one of the classes is frequently
completely ignored by the LLM. This does not happen with the multiclass PLM
models.

When comparing the two models, Qwen2 outperforms Llama3, which hints
that it already contains more legal knowledge incorporated during training. With
regard to which law-annotated dataset allows better prediction when incorporated
in these models, in the 12-shot and the LOOCYV, we see that the best scores
are achieved when using the Greek and UK law-annotated datasets, except for
the few-shot setting with Qwen2, where the best scores are achieved with the
Italian law-annotated datasets. However, the Greek and UK laws are also more
comprehensive on a natural language level since they contain more details about
the possible targeted minorities and the potential punishable hate speech contexts,
as noted by the experts in Section [5.1.T] (see also Appendix [B.T).
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National Law Class: is prosecutable?

Yes Likely Unlikely No
Greece 147 59 47 351
Italy 177 74 50 344
UK 170 79 47 324

Table 5.4: Prosecutability of Silver Labels under National Laws: Number of cases
classified as ‘No’,* Potentially’, and ‘Yes’ for prosecution in Greece, Italy, and the
UK.

5.2.3 PLMs: Revisited

Following the benchmark with PLMs and LLMs, the following research question
is asked: “Can LLM-generated instances be used to improve the performance of
PLMs in prosecutable hate speech detection?”. To answer this question, the best
performing LLM is used, i.e. Qwen2, to predict on 1,000 instances of the HateEval
dataset, creating unseen silver labels. According to Casula et al. (2024)), a classifier
trained on generated silver labels can lead to a performance that is on a par with,
and sometimes even better than, a classifier trained on the original human-annotated
data. In this section this intuition is followed, while the possibility of any bias
towards any of the country laws the LLLM might introduce to the PLMs is also
examined.

Figure [5.1]illustrates the distribution of the model’s prosecutable predictions
when aligned with the original hate speech labels. Contrary to what was observed
during manual annotation, the ‘Not prosecutable’ label is still the most prevalent.
However, it is followed by the ‘Prosecutable label’, then ’'Likely prosecutable’, and
with the ‘Unlikely prosecutable’ label being the least frequent. From this, it can be
inferred that there could be a significant number of prosecutable cases for instances
that are originally judged simply as hate speech in available hate speech datasets.
Examining the instances identified as ‘Not prosecutable’ by the model, reveals
notable model inaccuracies, more specifically, a considerable rate of false positives
(31% for Greece, 32% for Italy, and 36% for the UK). Analyzing this contrast
between hate speech and prosecutable hate speech enables us to filter the silver
dataset by eliminating instances of false positives and false negatives. Detailed
class statistics for the finalized silver dataset are provided in Table[5.4]

The PLMs are fine-tuned with a similar setup as in Section [5.1] but this time
the initial 100 instances are used exclusively as the test set. The results are
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illustrated in Table[5.5] At a first glance, there is a significant deterioration with
regard to predicting the prosecutability of the instances with the pretrained models.
Upon manual examination and looking at the per class F; scores in the Appendix
(Table[B.2), it is observed that most models consistently miss to assign the label
‘Likely prosecutable’ or ‘Unlikely prosecutable’, with the majority labeling the
instance as ‘not prosecutable’ or ’prosecutable’. This could be due to a variety
of factors, including the complexity and ambiguity of the task, the distribution of
labels within the dataset, or inherent uncertainties in the input data. Going back to
the research question, LLM-generated data do not improve the overall scores.

[l Not Hate Speech [l Hate Speech

100
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Figure 5.1: Distribution of classes as predicted on 1,000 instances from HateE-
val (Basile et al.| 2019). NP = Not Prosecutable, UP = Unlikely Prosecutable, LP =
Likely Prosecutable, and P = Prosecutable. Bars compare hate speech and non-hate
speech predictions.

5.2.4 Error Analysis

To wrap up, an error analysis is performed, looking at which classes the errors
occurred for each model and setting. The PLMs consistently exhibited low error
scores, ranging from 0.50 to 0.60 MAE, with the majority of their errors concen-
trated in the middle categories (Unlikely prosecutable, Likely prosecutable). In
comparison, Qwen2, under its best configuration (12-shot with law), achieved a
MAE of 0.57. However, its errors were primarily observed in categories 0 and 1,
indicating a shift in error distribution relative to the PLMs. Llama 3, on the other
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Greece Italy UK
Model MAE MSE MAE MSE MAE MSE
HateBERT 1.30 2.94 1.90 5.04 1.71 4.47
DehateBERT 1.92 4.48 1.96 5.22 1.93 5.13
HateRoBERTa 1.95 4.89 2.10 5.64 2.13 5.73
LegalBERT 1.00 2.06 1.13 2.73 0.79 1.71

Table 5.5: MAE and MSE of the pretrained models fine-tuned on the filtered silver
labels and evaluated on our expert-annotated dataset.

hand, showed even higher error rates, with a similar concentration of errors in
categories 0 and 1. The confusion matrices of the predictions of each model can be
found in Appendix [B.5]

Fine-tuning PLMs with silver labels derived from the LLMs was found to
increase error rates, suggesting that training with silver data may introduce more
noise rather than improving model performance.

Given these results, it appears that pretrained multiclass models specifically
designed for hate speech detection are more effective in the context of ordinal
regression, as they likely incorporate relevant legal knowledge concerning hate
speech.

5.3 Conclusion

This study explored detecting prosecutable hate speech and the effectiveness of
introducing legal knowledge during fine-tuning and prompting, using four PLMs
and two LLMs. A newly judged sampled dataset on prosecutable hate speech is
presented, followed by experiments using the labeled data to prompt them to predict
whether a given hate speech instance is prosecutable. Additionally, Qwen2 was
used to create silver data and evaluate on the re-annotated dataset on prosecutable
hate speech. The results showed that the models struggle to grasp the subtleties of
these laws and they often fail to incorporate the specific legal information provided
by the laws into their decision-making, relying more on the knowledge they gained
during pretraining. The models tend to be more conservative in predicting an
instance as prosecutable compared to non-prosecutable. This caution might derive
from understanding the legal constraints and requirements with regard to what
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constitutes prosecutable hate speech and what does not. This tendency mirrors
the approach of human annotation, where all experts assigned labels similarly to
the models, being generous with the “Not Prosecutable” class. Finally, the error
analysis showed that multiclass PLMs trained using LOOCYV can be more effective
than LLMs for the task of prosecutable hate speech detection.

The next chapter will present the most fine-grained approach to the issue of
hate speech definitions by providing a comparative framework that will allow
examining differences and similarities of hate speech definitions from different
domains (including law) and cultures.
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Chapter 6

Untangling Hate Speech Definitions

A Semantic Componential Analysis Across Cultures and Domains

Chapters [2] and [3] introduced the issue of bias and how cultural perspectives
influence how hate speech is perceived by individuals. When it comes to annotation,
datasets consist of statements produced by individuals within a culture, so the biases
reflect, to some extent, the values, norms, and ethics of that culture (Bagga and
Piper, 2020; Hershcovich et al. 2022). Since most NLP research focuses on
English-language data (Segaard, 2022), this cultural dimension is often overlooked,
resulting in biases that favor English-speaking cultures.

Current NLP approaches are not adequately equipped to address the cultural
dependency of hate speech. Existing monolingual hate speech classifiers often
lack cultural awareness (Lee et al., 2024). Prevailing hate speech taxonomies tend
to focus more on legal or academic definitions rather than incorporating cultural
dimensions, a gap that can prove detrimental, as hate speech per se and hate speech
regulation might influence societal discourse, relationships, and cultural norms,
potentially shaping how people interact and express themselves (Hietanen and:
Eddebo, [2023b).

Inspired by the compositionality principle (Hinzen et al., 2012), this chap-
ter introduces a component-annotated resource for hate speech definitions, the
HateDefCon dataset. The data collection and annotation procedure is described in
Section[6.2] A Semantic Componential Analysis (SCA) is proposed, in which a
hate speech definitional component is defined as a fundamental element or criterion
referring to what constitutes hate speech in terms of target, intention/purpose, and
act/means. More on SCA can be found in Section[6.1] As definitional hate speech
domains are defined the contexts where hate speech definitions emerge. This study
focuses on five such domains: legislation, Wikipedia, online dictionaries, research

81
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papers, and conduct policies from online platforms or technological companies.
This resource and framework also allows the examination of the cultural repre-
sentation of hate speech definitions. The term culture is used as the term that
encompasses language, ideas, beliefs, customs, codes, institutions, tools, tech-
niques, among other elementsEl This chapter highlights the need for cross-cultural
and cross-domain approaches to define hate speech and argues that such definitions
should be context-specific, be it cultural, legal, or academic, grounding hate speech
definitions within these particular domains. This is in line with best practices for
tackling subjective tasks (Rottger et al., |2022)), in which the guideline - or the
definition - chosen should consider the downstream use, i.e. the context, as it is
mentioned in Chapter 2]
This chapter focuses on three research questions:

1. What are the differences among various definitions of hate speech?
2. What is the diversity of these definitions?

3. How do definitions with different components affect LLM predictions?

The contributions are both theoretical and practical. On the theoretical front,
the cross-cultural and cross-domain analysis of definitions shows significant vari-
ation in components, ranging from broad definitions to highly specific ones (see
Section[6.3) . Even among the more detailed definitions, which address aspects
like the target of hate speech, the intent, and the methods of expressing it, there are
differences in their components. On the practical side, this chapter (specifically
Section [6.4) delves into the assessment of whether LLMs respond better to certain
definitions, potentially revealing underlying biases. The results (Section[6.5)) reveal
that definitions vary in their components, while domains also borrow definitions
from one another. When research is culturally specific, borrowing from other
domains can be problematic, as it may introduce elements that do not align with
the intended cultural context.

A comparable study to this one is the one by Khurana et al.[(2022), who develop
hate speech criteria with input from legal and social science perspectives to help
researchers create precise definitions and annotation guidelines. They propose five
criteria: target groups, dominance, perpetrator characteristics, type of negative
group reference, and potential consequences/effects. Rather than prescribing
a single definition, they offer a meta-prescriptive, modular approach, allowing

Yhttps://www.britannica.com/topic/culture
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for adjustments based on specific tasks. This approach emphasizes the role of
subjectivity in definitions and addresses the issues arising from varying and vague
definitions, which can lead to inconsistencies and problematic expectations about
dataset annotations. The framework introduced in the present chapter is a more
fine-grained one, and it elaborates on the impact of the components when applying
different definitions when prompting LLMs.

6.1 Semantic Componential Analysis

Semantic Componential Analysis (SCA) is a linguistic technique used to break
down the meanings of words or phrases into their constituent parts or features.
This method, central to structural linguistics, has been in use since the 1950s
(Lounsbury, |1956; (Goodenough, [1956; Nida, |1975)). 1t is based on the principle of
compositionality, which states that the meaning of a complex expression is derived
from the meanings of its components and the rules governing their combination
(Hinzen et al.,[2012). SCA involves compiling a detailed list of specific examples
for each term within a group of contrasting terms. Each example is described using
a set of relevant attribute dimensions (Kronenfeld, 2005)). SCA primarily examines
words through organized sets of semantic features, which are marked as ‘present’
or ‘absent’, using +/- symbols (Geeraerts, 20006).
Table [6.1]illustrates an example of SCA application.

Parent Sibling Male Female

Father + - + -
Mother + - - +
Brother - + + -
Sister - + - +

Table 6.1: Kinship terms characterized by attribute dimensions. The attribute
dimensions include Parent, Sibling, Male, Female. Each example is marked with
"+’ if the feature is present, ’-’ if absent.

SCA is an approach that enables us not only to break down terms into their in-
dividual components, but also to explore various types of meanings as categorized
by Leech (1990). By comparing terms side by side, we can enhance our analy-
sis, going beyond the conceptual meaning (the stable meaning across contexts),
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Figure 6.1: HateDefCon creation pipeline.

touching upon the connotative and social meanings. These latter meanings can
vary depending on cultural and social contexts.

Kronenfeld| (2005) describes the identification of components. An approach
involves systematically alternating attributes to determine which distinctions are
essential to differentiate terms. Another method is to gather descriptions from infor-
mants about differences between terms or subsets of terms, gradually building a set
of potential semantic components based on these descriptions. The methodology
presented in this chapter draws inspiration from the latter approach.

6.2 The HateDefCon Dataset

In this section, hate speech definitions are analyzed and compared via SCA to
identify potential cross-domain and cross-cultural differences. The definitions are
collected from five different domains in which we can find hate speech definitions.

Figure[6.1] summarizes the HateDefCon dataset creation pipeline. The defini-
tions are collected from the selected domains, and then keywords are extracted in
order to be used as components for each definition during annotation. More details
are found in the following sections.
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6.2.1 Data

Hate Speech Laws. The definitions are sourced from the Global Handbook
of Hate Speech Laws website, a comprehensive resource that provides access to
existing hate speech legislation from countries worldwide, including the United
Nations and European Union levelsEl The legislations are already available in
English. We exclude countries for which their legislative texts were not available.
The full list of the countries is available in Appendix [C.1]

Wikipedia. The domain is Wikipedia articles in different languages from
which the relevant portions of the definitions are manually extracted. The extracted
portions are automatically translated into Englishﬂ

Dictionaries. The second domain is dictionaries across multiple languages.
As with the Wikipedia definitions, the extracted content is translated into English
using machine translation.

NLP Research Papers. For this domain, the Hate Speech Dataset Cata-
logueﬂ is used to navigate through research articles and datasets, focusing specif-
ically on definitions of hate speech. Other related terms like toxicity or abusive
language are not included, as the primary focus of this study is hate speech.

Online Conduct Policies. The last domain is conduct policies from online
platforms or technology companies that address the use of hate speech or harmful
language online. The conduct policies were collected from X, Meta, Microsoft,
Pinterest, Snapchat, YouTube, Reddit, TikTok, and Discord.

6.2.2 Component Annotation

Three annotators are engaged for SCA labeling. Annotators are proficient in
English, have experience in annotating tasks, and are familiar with hate speech
research. All three of them annotate the entire corpus. They are provided with
detailed instructions on annotating definitions following our framework, as outlined
in Appendix [C.2] To compile an initial set of components, keyword extraction

Zhttps://futurefreespeech.org/global-handbook-on-hate-speech-laws/,
3https://www.deepl.com/en/translator.
4https://hatespeechdata.com/
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Figure 6.2: SCA component hierarchy in HateDefCon.
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is employed and ¢ f-idf on the collected definitions. A manual review reveals
that these automated methods fail to capture some components, highlighting the
necessity for human annotation. Despite this limitation, these computational
techniques offer a valuable starting point. Using the resulting list, annotators then
perform binary annotations, indicating the presence or absence of each component.

To ensure objectivity in the annotation process and a very fine-grained rep-
resentation of the components, it is established that a definition contains a given
component if a derivative of the component’s word appears in the annotation. For
instance, if the word ‘abusive’ is present in the definition, the annotator marks
the component ‘abuse’ as present. A challenge we encounter during annotation
is the treatment of synonyms. For instance, the words ‘harm’ and ‘hurt’ can be
considered synonymous, but they are not derivatives of the same root word. To
maintain consistency and avoid subjective interpretation, which could lead to dif-
ferent grouping of the synonyms by the annotators, only annotate derivatives of
the target term are annotated (e.g., marking ‘harm’ only if words like ‘harmful’ or
‘harmed’ appear). Additionally, missing components are labeled as ‘undefined com-
ponent’. This process allows to comprehensively gather all components deemed
crucial by the annotators.

To finalize the dataset, all annotated components are kept, as a manual inspec-
tion showed that most of the disagreement derived from the fact that one of the
annotators missed a component. The average IAA measured via Cohen’s kappa
is 0.64. Figure[6.2]reports the component hierarchy resulting from the annotation
study (see Appendix [C.3] for more details on the IAA and Appendix [C.4] for a
fine-grained version of the hierarchy).

6.3 Case Study: Definition Comparison

Qualitative Analysis. A qualitative assessment of the definitions is per-
formed, which provides some initial insights into the data. The initial observations
reveal that many definitional domains, particularly in research papers and Wikipedia
articles, frequently borrow definitions from other sources. For instance, 17 out of
30 research papers reference definitions from other academic papers, legislation, or
platform policies. Wikipedia, on the other hand, often relies on definitions from the
Cambridge Dictionary. Through translation, definitions might reflect the culture
of the source text, and in collaborative projects, cultural elements from multiple
backgrounds may become blended.
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Domain Definitions Culture Distribution Components
Law 116  All cultures appear once  Race, Religion, Hate, Na-
tionality, Ethnicity
Wikipedia 49  All cultures appear once  Religion, Gender, Sexual
Orientation, Race, Dis-
ability
Research Paper 29  English (13), German (3), Gender, Religion, Sex-
Arabic (2), Indonesian ual Orientation, Ethnicity,
(2), the rest appear once ~ Race
Dictionary 21 English (7), Italian (5), Attack, Gender, Sex-
the rest appear once ual Orientation, Religion,
Hate
Platform 278  All cultures appear once Disability, Ethnicity,
per platform Gender, Nationality,
Race
Total 493

Table 6.2: Number of definitions, cultural distribution, and top 5 components per
domain. Some domains correspond to languages (e.g., Wikipedia, dictionaries,
platforms), others to countries (e.g., laws), or remain unspecified (e.g., some
research papers). Consequently, cultures encompass all possible variations.

Distributions. Table[6.2]reports culture distribution for each domain in HateDefCon.
A great disparity is evident with the English definitions, which appear most often

in research papers and dictionaries, while platform policies are always the same

text but translated in different languages. Definitions from other cultures appear
fewer than 5 times, and most occur only once in the dataset. Table[6.2]also reports

the 5 most frequent components per domain. The most common components are
related to the target of hate speech, mainly being associated with religion, ethnicity,

and gender.

Cross-Cultural Case Study. SCA is employed to describe potential incon-
sistencies between collected hate speech definitions and the cultural reality through
a real case study. Mulki et al.[(2019) develop a Levantine Hate Speech and Abusive
Twitter dataset in an attempt to bring into the spotlight less-spoken Arabic varieties.
However, in their study, the authors refer to the hate speech definition by Nockleby
(2000), which defines hate speech as “any communication that disparages a person
or a group on the basis of some characteristic such as race, color, ethnicity, gender,
sexual orientation, nationality, religion, or other characteristic”. Levantine Arabic
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Components  MulKi et al. Israel Legislation Syria Jordan Legislation
(2019) Legislation
Target
Demo- Ethnicity, Ethnicity, Religion, Race Ethnicity, Religion,
graphics Religion, Sexual ~ Race, Color Race
Orientation,

Color, Gender,
Nationality, Race

Intent
Discrimi- Disparage Humiliation, Race Prejudice
nation Degradation
Hostility N/A Hostility, Enmity N/A Hurt, Hate, Conflict,
Violence
Cultural N/A Persecution, N/A N/A
Control Degradation
Act
Disparage Hostility, N/A Hate
Expression Humiliation, Enmity
Physical N/A N/A N/A Hurt, Conflict,
Action Violence, Terrorism
Manipula- N/A Persecution, Cultural N/A N/A
tion Control

Table 6.3: Comparative analysis of components of Mulki et al. (2019) vs. the
legislation of countries where Levantine Arabic is spoken in. N/A means that the
component is unavailable.

is spoken in many Middle Eastern countries, such as Syria, Jordan, and Israel.
SCA allows us to see if the definitions available for these countries overlap with
the one used in|[Mulki et al.[(2019) (Table @) While they all differ in the intent
and act, some targets overlap, although the definition from Mulki et al.| (2019) 1s
more comprehensive, considering also sexual orientation and gender, which are
not taken into account by the other definitions. Israel’s legislation seems to have
the most detailed provisions, including concepts of hostility and cultural control,
whereas Syria’s legislation is narrowly focused on race, and Jordan’s legislation
emphasizes physical action and terrorism. This variation can affect annotation
and prompting, resulting in varied interpretations of hate-related content. There-
fore, tailoring prompts to align with specific regional definitions is essential for
achieving consistent model behavior for a specific culture.
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6.4 LLM Sensitivity to Definitions

This section evaluates the ability of LLMs to perform the task of binary hate speech
classification based on the definitions provided. In particular, this section examines
the reliance of the LLMs on the definitions of hate speech provided rather than
their own internal knowledge.

Models and Data. The experiments are conducted with three open-source
popular state-of-the-art LLMs: LlamaSE[, MistralZﬂ and Phi3—mini[| The data used
are the Gab Hate Corpus (GHC) on online hate speech conversations (Kennedy:
et al., 2022). GHC consists of 27,665 posts from the social network service
gab.com and is annotated for the presence of “hate-based rhetoric” by a minimum
of three annotators. The posts are annotated based on a coding typology created
by synthesizing definitions of hate speech from legal precedents, existing hate
speech coding frameworks, and insights from psychology and sociology. This
typology includes hierarchical labels that denote dehumanizing and violent speech,
as well as indicators related to targeted groups and rhetorical framing. This dataset
captures various dimensions of hate speech, making it well-suited for a detailed
and fine-grained analysis and testing with multiple definitions. Although GHC is
annotated in a multi-class classification and since the definitions of hate speech
that might vary in components are examined, a binary setting is considered since :
hate vs not hate. To limit computational overhead, 500 instances are selected from
the corpus, equally divided between the two classes.

Setup. The experiments are conducted in a zero-shot setting to understand the
impact of different definitions (i.e. different components) on model performance
without any additional fine-tuning or prompting strategies. To prompt the models,
three definitions of hate speech are used. The definitions are selected deliberately
after manual inspection, aiming to assess whether the varying degrees of component
coverage influence the prompting outcomes. This approach includes one definition
with medium component coverage, a highly detailed one, and a very general
one. Three definitions are used: Dy, comes from the GHC dataset, it includes
several components but is not the most comprehensive one; D,,;x; is the definition
provided by the Macedonian Wikipedia page, it offers a more detailed and varied

3 lama3-8B-instruct.
SMistral-7B-Instruct-ve.?2.
7Phi-3-mini-4k-instruct.
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Model Dghe  Duwiki  Ddict
Llama3 0.67 0.78 0.70
Mistral2 056 0.53 0.58
Phi3-mini 0.60 0.58 0.58

Table 6.4: Classification performance (F; score) using difference hate speech
definitions.

perspective; and Dg;.; is a general definition from the Merriam-Webster dictionary
(see Appendix [C.5] for more details). The temperature is set to zero to exclude
variations in the generated response.

6.5 Results

Table[6.4] summarizes the results of the classification task according to the three
definitions. Llama3 performs consistently better than other models. The complexity
of the definitions affects the outputs of the three models differently. In Llama3, the
comprehensiveness of the definition is directly proportional to the performance:
the more comprehensive the definition is, the more the performance increases;
in Mistral2, a reverse tendency is observed. Phi3-mini outperforms Mistral2 in
all settings, although being half the size of Mistral2. Additionally, in Phi3-mini,
we observe the smallest variety of responses based on the definitions, with Dy,
performing the best.

There are cases in which Llama3 refuses to answer for safeguarding the gen-
eration process over harmful content. This tendency is also proportional to the
completeness of the definition. The less comprehensive the definition, the more the
model refuses to answer it. For D,,;;, the model refuses to answer to 1% of times,
1.6% for Dyj., and 5% for Dg;c.

Error Analysis. An error analysis of the answers generated by Llama3 is
also performed. The error analysis encompasses two aspects: how the model
perform considering the definitions against the gold labels, and how the predictions
differ according to the definition used. Figure[6.3]shows the confusion matrices
with respect to the three definitions. In all three settings, the false negatives can
partly be attributed to the lack of components in the definition. For instance, Dy
focuses on violence and hate, excluding all other forms of hate speech. As a result,
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True \Predicted 0 1 True \Predicted 0 1
0 24 0 36
1 103 | 147 1 67
(a) Dghe (b) Duwiks

True \Predicted 0 1
0 222 | 28
1 102 | 148

(C) Ddict

Figure 6.3: LLama3 confusion matrices with respect to each hate speech definition.
When the model refuses to answer, we set the predicted label to zero.

discrimination against a group of people that does not exhibit violence or hate often
goes undetected. However, the presence or absence of such components is not a
definitive factor. Take the following example sentence: “Real friends don’t let their
friends get infected with communism”. The sentence is incorrectly categorized
as non-hateful by D,;x;, even though it contains political views as a component.
While not conclusive, analyzing the components of misclassified examples can
contribute to understanding the reasons behind the classifications.

How do definitions affect the output? All instances for which the
answer of Llama3 varies according to the definition are extracted, regardless of
the ground truth. Dy, and D,; differ in 54 instances, while Dy, differs from
Dgne and Dy1; in 48 instances each. We observe that when the model is prompted
with Dk, 1t tends to identify more personal attacks, which are often discarded in
Dgne and Dy, as false negatives since such definitions identify group of people as
targets of HS, rather than individuals. Moreover, with D,,;;, LLMs tend to identify
more instances that are hateful with respect to political views and undocumented
migrants. Indeed, the majority of instances that are correctly identified by D,z
and misclassified by Dy, and Dy;¢, contain terms like liberals, communists, and
illegal aliens with a negative connotation.

Cross-Cultural Analysis. We go back to the case study of the Levantine
dataset (Table [6.3) to explore how these definitions affect prompting and whether
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Def. ‘ Diew Disr Dsyr Djor
Diew 1.00 0.74 0.59 0.50
Disr - 1.00 0.75 0.67
Dayr - - 1.00 0.50

Table 6.5: Agreement across definitions via F; score.
Def. Disr Dsy’r Djor
P N | P N | P N
Diew 55 309 55 295 55 339
Disr - - 190 288 157 299
Doyr - - - - 166 294

Table 6.6: Number of overlapping instances in the cross-cultural setting with
separate positive (P) and negative (N) values.

cultural biases may arise as a consequence. A prediction comparison is performed
for the definition from the original Levantine dataset (Mulki et al., 2019) (D;e,),
the one for Syria (Ds,,), the one for Israel (D;s,), and the one for Jordan (Dj,,).
The four definitions are in Appendix [C.6] Llama3 is considered for the analysis
as the best-performing model. Llama3 achieves the top performance (F;=0.74)
with D;, and Dy, exceeding most of the results with the original definition. This
is an interesting result since Dy, is the least comprehensive definition, with only
one target component: race. In contrast, using D, leads to significantly lower
scores (F1=0.32). Lastly, with D;,, Llama3 achieves F;=0.67, falling behind best
results, yet still largely outperforming its variant using D;.,,. F; score across the
four definitions is also computed. Each time, it is assumed that one definition
represents the gold standard when compared to another one. Table[6.3]shows the
results. The highest F; (0.75) is reached between Dy, and D;,., followed by Dy,
and D;,, with a small 0.01 point difference. However, in terms of components,
the definitions used in Israel and Jordan are the most similar, as they share three
target components: ethnicity, religion, and race. Table [6.6 shows the number of
overlapping instances across the four definitions, divided into positive (P) and
negative (N). The agreement between Dy, and D;,, is confirmed by the number of
overlapping instances, as they have the greatest agreement with 478 instances. In
all cases, most of the overlapping instances are on the negative class, as it is the
class that the model tends to overpredict.
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6.6 Conclusion

This chapter introduced HateDefCon, a comprehensive hate speech definition
dataset. HateDefCon provides detailed component annotations, capturing the
target, intent/purpose, and act/means of collected hate speech instances that allow
comparing hate speech definitions. The analysis of HateDefCon, revealed a lack of
cultural diversity in existing definitions. This is primarily because only legislative
sources referred to specific cultures. Wikipedia definitions are also often the result
of collective contributions or translations of the original English text, making
them less culturally distinct. There is also a variation in terms of components,
especially when one language can refer to multiple cultures, such as in the case of
Levantine Arabic. Moreover, the experiments showed that LL.Ms are sensitive to
the employed hate speech definitions, where, in some cases, more comprehensive
definitions lead to better results.

This work underscores two key considerations for hate speech detection re-
search: (a) Definitions to be incorporated into the annotation guidelines or prompts
must be specific to the task and should clarify the level of comprehensiveness or
generality required for that task. This consideration should also align with model
selection, as some models perform better with general definitions while others with
more comprehensive ones. (b) Definitions must be relevant to the language and the
target culture. This may involve referring to hate speech legislation, to understand
what constitutes hate speech in the given culture, otherwise clarify that no culture
is considered.

The next chapter will continue to address the development of resources for
hate speech detection, with a particular emphasis on tackling the challenges of
multilinguality and the challenges it entails.



Chapter 7

A Parallel Multilingual Hate Speech

Corpus
An Exploration of Challenges

Both Chapters [5]and [6] discussed how accommodating linguistic and cultural
diversity in hate speech annotation and automatic detection is overlooked, regard-
less of definitional context. While some multilingual and cross-lingual approaches
exist (Lee et al.l [2023alb; |Arora et al., 2023]), there is still a need for multicultural
and cross-cultural approaches, as well (Hershcovich et al., [2022). Language- and
culture-sensitive approaches should begin at the level of the annotation and corpus
creation, as biases in supervised models are integrated from the very first step.
However, employing different annotators that are proficient in different languages
or from diverse cultural backgrounds can be a difficult and expensive task.

In this chapter, the focus is on cross-linguality, while also touching upon cross-
culturality. In an attempt to enrich the parallel resources that could be used for
hate speech detection purposes, a pipeline is designed that allows filtering online
hate speech instances that can be translated with a minimum effect on meaning and
toxicity levels of the original text. Specifically, examples from an already existing
hate speech dataset (Davidson et al., 2017a) are extracted and used to automatically
generate translations into Greek and Italian. Then, backtranslation (Ueffing et al.,
2007) is employed in order to perform a quality check of the translation (Moon:
et al.,|2020). A BERT-based toxicity classifier (Devlin et al., 2019) is applied in
the original, translated, and backtranslated sentences to produce toxicity scores.
Finally, a qualitative analysis on the translations is performed so as to identify any
patterns that could help in the optimization of the pipeline.

The rest of the chapter is structured as follows. In Section[7.1] the method is

95
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Name Language Instances
Hate Speech/Offensiveness (Davidson et al.:2017b) EN 1,000
Offensive Greek Tweet (Pitenis et al., 2020) (FT) EL 4,779
HaSpeeDe @ EVALITA (Sanguinetti et al., 2020) (FT) IT 6,837
Measuring Hate Speech |[Sachdeva et al.|(2022a) (FT) EN 5,966

Table 7.1: Statistics for the data used in the translation experiments, as well as the
data used for fine-tuning Mbert (FT). This table includes the language, the total
number of used instances.

described, including the data and the model that were used. In Section [7.2] the
results are shown, followed by a qualitative analysis in Section [7.3] Finally, a
discussion is provided in Section[7.4} along with the conclusions and future steps
in Section

As defined by Barron-Cedeno et al.[ (2015), parallel texts are essentially precise
translations or close approximations with only slight language-specific differences
when compared to a comparable corpus, which should ideally consist of texts in
multiple languages that are similar in both structure and content. Therefore, the
term ‘parallel multilingual data’ is used to refer to the dataset.

7.1 Methodology

The proposed methodology can serve as a means of identifying high-quality trans-
lation instances, which could potentially be incorporated into a parallel corpus,
without requiring human experts. In this way, not only will the cost be reduced as
we rely less on human evaluation, but also the process will be streamlined, allowing
for the creation of additional parallel corpora for addressing hate speech detection
and other NLP tasks.

Data The data used for the translation experiments are instances extracted from
the Davidson et al.|(2017a) dataset, which originally contained instances of both
hate speech and offensiveness. For the purposes of this study, only those that are
labeled as hate speech are extracted, as the focus is on this linguistic phenomenon,
touching upon cultural implications. This is also due to the fact that the primary
objective of this study is to examine the challenges of the parallelization of hate
speech, and not hate speech detection per se.
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For fine-tuning our model, the Offensive Greek Tweet dataset is used
2020) consisting of offensive and non-offensive text samples, and an Italian
hate speech dataset, HaSpeeDe @ EVALITA2020 (Sanguinetti et al., 2020), which
consists of hate speech and non-hate speech instances. For English, a sample of
the Measuring Hate Speech dataset (Sachdeva et al [2022a) is used, which also
contains hate speech and non-hate speech instances. Table[7.I|shows basic statistics
of the data.

Translation

Translation Backtranslation f
Quality

( ) ( )

)

Input data: o
English tweets

—~@D

\. J \. J

1 l v
Toxicity Scores Correlations:
with multilingual Quiality Scores vs
BERT Toxicity Scores

Figure 7.1: Visualization of translation and evaluation pipeline.

———

Models The model experiments predominantly revolve around machine transla-
tion, therefore the out-of-the-box translation engine of ModernMT is used
through their official AP]ﬂ It is a context-aware, incremental and dis-
tributed general purpose Neural Machine Translation system based on the Fairseq
Transformer model (Ott et al.,2019). To evaluate the translation quality, two met-
rics are employed; the first one is BLEU (Papineni et al., 2002)), in order to see the
similarity of n-grams and evaluate the translations on a structural level. The second

Thttps://www.modernmt.com; translations were carried out between September and October
2023


https://www.modernmt.com
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is BERTscore (Zhang et al., 2020), which allows us to examine the translations on
a semantic level. BERTscore measures the similarity between embeddings, thus
it is used as a proxy to assess the quality of the translation, while also taking into
account semantic and contextual information.

In terms of toxicity scoring, multilingual BERT (mBERT) is used (Devlin et al.,
2019)) by training three separate monolingual models on the English, Greek and
Italian data, while also training one single multilingual model with all the data
simultaneously. More specifically, the models are initialized with the ‘bert-base-
multilingual-cased’ checkpoint and are further trained on the Offensive Greek
Tweet dataset (Pitenis et al., 2020), on the HaSpeeDe @ EVALITA2020 dataset
(Sanguinetti et al.,[2020), and the Measuring Hate Speech dataset (Sachdeva et al.,
2022a). During fine-tuning, AdamW optimizer is used with a learning rate of
2e-5 and trained the model for three epochs. The input text is tokenized with a
maximum sequence length of 128, which was the default.

Pipeline The research method revolves around producing translations with
a minimum change in the original meaning and toxicity levels with respect to
the source text. To achieve this while avoiding the need for human experts or
manual translators, and to automate the process as much as possible, a round-trip
translation is opted for, which means producing translations and backtranslations
(Lee et al., 2023b} Beddiar et al.| 2021)). Figure[7.1] presents the pipeline.

First, a pilot experiment is conducted with a limited dataset of 100 instances,
manually checking the quality of the translation, as well as generating quality and
toxicity scores, as intended in our main experiments. Since good translation quality
from ModernMT is observed, a larger-scale experiment is rendered feasible by
translating and backtranslating the whole set of 1000 hate speech instances. Once
obtained all the translations and the backtranslations, BLEU and BERTScore are
computed on the backtranslations as the hypothesis and with the source text as the
reference.

Then, the fine-tuned mBERT is applied on the original English text, Greek
and Italian translations, and the backtranslations to produce toxicity scores for all
versions. In addition, accounting for the possibility that toxicity scoring might not
capture deeper semantic meaning, a qualitative analysis is also conducted, to see
on which level we can compromise by using only computational methods.
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Figure 7.2: Distribution of BLEU scores for backtranslations from Greek (left) and
from Italian (right).

7.2 Experimental Results

In this section, the experimental results of the translation quality (Section[7.2.1) and
toxicity evaluation (Section[7.2.2) are presented. The translation quality is assessed
by comparing the translations back into the source languages with the original
source texts. To measure translation quality, BLEU score and BERTScore are
used. Additionally, toxicity levels are analyzed in the source text and translations,
including their backtranslations, using a BERT-based toxicity classifier.

7.2.1 Translation Quality

In order to asses the translation quality, the backtranslation into the source language
is compared with the original source texts. Figure[7.2] shows the distribution of
BLEU scores on instances back-translated both from Greek and Italian. Overall,
BLEU scores are relatively low. While approximately 200 instances achieve scores
between 0.60 and 1.00, indicating high quality, the majority of scores fall below this
range. In fact, over 300 instances have a BLEU score of 0. The backtranslations
from Italian slightly outperform those from Greek, with more instances surpassing
the threshold of 0.6.
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Figure 7.3: Distribution of BERTScores for backtranslations from Greek (left) and
from Italian (right).

Figure[7.3|shows the results in terms of BERTScore. Both Greek and Italian
scores are quite high, with the values falling within the range of 0.8 to 1.0, which
indicates an adequate match between candidate backtranslation and reference.

This indicates that some translations may not be very accurate when evaluated
with the BLEU metric, suggesting a limited n-gram overlap. In contrast, the
BERTScore values for both Greek and Italian backtranslations look more promising.
Considering that in this work we value semantic similarity more than the structural
sentence matching, the translations appear to be better in terms of capturing
semantic content.

7.2.2 Toxicity Evaluation

The primary objective of the toxicity evaluation is to assess whether the toxicity
is retained throughout the entire pipeline procedure. The averaged toxicity scores
are presented in Figures [7.4] for individually trained monolingual and [7.3] for
multilingual models.

When scoring with the mBERT models that are trained separately in the three
languages, we observe some discrepancies. The English texts, including both the
source and the backtranslations, have the higher averaged toxicity score, ranging
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Figure 7.4: Average toxicity scores across monolingual models. The EN bar repre-
sents instances in the original language (English), EL corresponds to translations
into Greek, and IT represents translations into Italian. EL to EN indicates back-
translations from Greek to English, while IT to EN represents backtranslations
from Italian to English.
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Figure 7.5: Average toxicity scores from multilingual models. The EN bar repre-
sents instances in the original language (English), EL corresponds to translations
into Greek, and IT represents translations into Italian. EL to EN indicates back-
translations from Greek to English, while IT to EN represents backtranslations
from Italian to English.

from 0.54 to 0.67, while the score is lower for the Greek and Italian translations
to 0.37. However, we would have expected more pronounced discrepancies in
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the toxicity levels of the English texts, indicating that the reason might be that
backtranslations restore the toxicity of the text. In fact, the toxicity when backtrans-
lating from Italian to English exceeds the toxicity of the initial input texts. This
could be due to semantic shift that might occur during translation (Beinborn and:
Choennil 2020), which leads to change or even amplification of certain meanings
of the text. Similarly, the multilingual model scores the toxicity of the Italian
translation as more toxic compared to the original English text.

Overall, when examining the toxicity with the multilingual model, there is less
fluctuation among translations and backtranslations compared to the monolingual
models, with the values ranging from 0.39 to 0.49. Still, the toxicity scores of the
backtranslations are lower than the toxicity scores of the original text, hinting that
indeed some toxicity is lost during the translation process.

Yet, we must take into account that potential errors in machine translation
could influence the toxicity score in subsequent phases of the pipeline. Hence, a
qualitative assessment is also conducted to address this concern (see Section [7.3).

7.3 Quality Evaluation

7.3.1 Threshold Filtering

To explore the possibility of filtering the sentences and keeping those that have
maintained their toxicity, as well as assessing whether they are adequately trans-
lated, several thresholds are defined that allow filtering a number of sentences and
manually evaluate them in terms of meaning and toxicity, using the scores produced
from the multilingual model. More specifically, the steps that are followed for the
filtering and the manual evaluation are:

1. Calculate the absolute difference between the source sentence’s toxicity
score (1) and the toxicity score of the sentence translated into Greek/Italian
(Ticans):

Atrans = |Tsrc - ﬂrans|

2. Calculate the absolute difference between the source sentence’s toxicity score
(T.) and the toxicity score of the backtranslated sentence from Greek/Italian
(Thack):

Aback - ’Tsrc - Tback‘



7.3. QUALITY EVALUATION 103

Threshold | Number of Instances | Description
0.1 141 Instances with unchanged toxicity scores
0.2 333 Instances with unchanged toxicity scores
0.3 611 Majority of the dataset with unchanged toxicity scores

Table 7.2: Number of instances retaining toxicity scores at different thresholds.

3. If both absolute differences are less than or equal to a specified threshold 7,
the sentence is added to the list of maintained sentences:

If Apans < 7 and Apaec < 7, then include the sentence.

Using a threshold of 0.1, 141 instances that maintained their toxicity scores
are identified. When the threshold is increased to 0.2, 333 sentences that meet
the criteria for maintained toxicity scores are identified. Further increasing the
threshold to 0.3 results in the identification of 611 instances that continue to meet
the criteria for maintained toxicity scores, and is in fact more than half of the initial
dataset. The 0.2 threshold is kept, as setting the threshold too low might result
in capturing instances with maintained toxicity but poor translation quality. A
threshold of 0.2 allows a compromise between quality and toxicity maintenance. A
small sample of these instances is then qualitatively evaluated.

7.3.2 Manual Evaluation

From the 333 filtered instances, 60 instances are randomly selected for further
evaluation by two language experts. One is proficient in both English and Greek,
holding a linguistics degree in both languages, and possesses Greek as their mother
tongue. Likewise, the language expert who evaluated the translations from English
to Italian holds a degree in Languages, with Italian as their mother tongue. In this
section, different linguistic and cultural features of some of the borderline cases
are discussed, as well as some of the successfully translated parallel sentences.

One of the initial observations in both languages is the overall semantic quality
of the translations, as corroborated by the results of our quality control analysis.
On the contrary, grammatical and syntactical inconsistencies create more certain
complexities in achieving the parallelization of the sentences. We present and
analyze some noteworthy examples in Table[7.3]

Example 1 is one of the cases where translation was successful conveying the
intended meaning but generated grammatical issues. In particular, in the Greek
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BERTScore
Source English Translation Greek Translation Italian Greek Italian
1. kill yourself ugly ass ~ autoxtovfote doynun uccidi te stesso brutto  0.96 0.97
monkey looking shit  poiyod mnou Belyver culo scimmia cercando
oXOTA merda
2. all us beaners were  6\ot epelc o. tutti noi beaners er- 0.96 0.96
pissed like robert @acolidpendeg avamo incazzati come
when the jew ref toatothxaue cav  Robert quando I’arbitro
stopped it tov Pounept 6tav o  ebreo lo fermo
EBpalogc Sioutntic to
oToUdTNOE
3. shut the fuck up fag PBydke tov oxaoud chiudi quella cazzo di  0.93 0.96
ill beat the shit outta odepgpdpar v oe  bocca da frocio ti ha
you TAUXMOEL 6T0 VN0 pestato a sangue
4. shut your dirty dirt xAielote 0 Peduxn chiudi la tua sporca  0.94 0.94
trap you limp knees, may{da ocog, yohopd trappola per sporcizia,
ashy footed, blue yoévata, otdytn, umhe ginocchia zoppicanti,
balls, isolated ham- pndhec, amoyovwuévr piedi cenere, palle
ster wheel, no nip- p6da yduotep, ywelc blu, ruota isolata per
ples bitch Inhéc oxvAa criceti, niente capezzoli,
stronza
5. Fucking gook Taunuéve xitpviden Fottuto muso giallo 1.00 0.92

Table 7.3: Noteworthy translation cases for the qualitative analysis.

translation there is an incorrect use of the person in the main verb (‘kill’), which
disagrees with the subject ‘ugly ass monkey’. In Italian, on the other hand, the
problem arises with the phrase ‘looking shit’, which refers to the appearance which
is erroneously translated as ‘cercando’, meaning ‘to look for’. Example 2, in
contrast, is one of the successful cases of translation where both the meaning and
the grammatical structure of the sentence are preserved in both Greek and Italian.
In Greek, the word ‘beaner’ which is a racist slur towards Mexican people, is
translated as gacoldpldec which is a Greek adaptation that sounds natural. In
Italian, however, the word beaner remains unchanged which is acceptable, as
English words sometimes are integrated intact into other languages, especially in
modern usage.

Example 3 has also managed to capture the intended meaning of the original
instance in both target languages, yet there is a shared error in terms of the person.
This error might possibly be due to ‘ill” which could be texting language for ‘1’11,
and which the models falsely substituted with the third person in both languages.
Example 4 is one of those examples where the words were translated accurately



7.4. DISCUSSION 105

yet the meaning changed because of the literal aspect of the translations. More
specifically, in the source text, the author of the tweet uses a series of objectifying
insults to make up a misogynistic comment. These sort of insults are common
in neither Greek nor Italian, and therefore the translations do not sound natural.
Finally, Example 5 is similar to Example 1 where the translation was successful
for both Greek and Italian. The specific example is a racial slur, mainly towards
Asian people, therefore, in both target languages, the translation referred to the
color ‘yellow’ (xutpwviden, muso giallo) which is usually associated with East Asian
people, thus capturing the toxicity of the original text.

7.4 Discussion

The findings of this study, as well as previous research endeavors (Lee et al.,
2023blja) show that the creation of a parallel hate speech corpus is feasible, however
there must be a degree of compromise to overcome several obstacles.

Challenge 1: The quality of the translation is not certified. In
Section[7.2.1] we observe that the performance of the machine translation system
is adequate. However, although the semantic evaluation yielded high scores, there
were serious grammatical and syntactical issues with the sentences, leading to
lower BLEU scores. Creating a comprehensive parallel corpus demands both
semantic and grammatical/structural correctness. As explained by |[Hershcovich
et al. (2022), linguistic form and style are associated with social and cultural factors,
and any linguistic variations must be correctly represented in datasets. Therefore,
both choosing the right translation method and the right metrics for the evaluation
are paramount to ensure quality. Given this, the method presented in this chapter
allows us to filter out higher quality sentences.

Challenge 2: Toxicity fluctuates from source to target language.
Only preserving the intended meaning is not sufficient when creating a parallel hate
speech dataset; the levels of the toxicity of the original text must also be maintained.
This is not an easy task because, as we saw in Section [7.2.2] the toxicity fluctuates
when translating to another language. Therefore, an individual study should be
conducted on the toxicity levels in order to analyze toxicity fluctuations to ensure
that, beyond meaning and sentence structure, toxicity remains on similar levels of
that of the original text.
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Challenge 3: There is culturally embedded meaning that is hard
to be translated. As has been mentioned throughout this thesis, a major
issue in NLP and hate speech detection revolves around the lack of cultural aware-
ness. The qualitative analysis was an attempt to shed some light on the cultural
dimensions of hate speech. The analysis showed that there are instances that were
effectively translated, yet there might be missing cultural context. In our case,
Example 2, which employs the derogatory term ‘beaner’ in reference to Mexican
people, is adequately translated, yet it resonates primarily with a specific geograph-
ical population, namely individuals from the US. People from other countries and
cultures may struggle to comprehend why this specific example constitutes hate
speech. This is an example of the task of adaptation in translation, as described in
Peskov et al.|(2021)). The authors assert that, while computational techniques for
this task have advanced, there is still room for improvement. They still advocate
for the automatizing of the task and they recommend using available datasets in
high resource languages by adapting content instead of just translating it literally.
Our approach paves the way for this endeavor.

Taking all these challenges into account, it is clear why creating a parallel hate
speech corpus is not an easy task. In this study, the amount of sentences that were
filtered and could be compiled in a parallel dataset were limited but they existed,
rendering the task hard but still feasible. Especially, since machine translation
is becoming more and more effective, it should be “used for bridging between
cultures, investigating cross-cultural communication” (Hershcovich et al., 2022).

7.5 Conclusion

This chapter addressed the challenges of creating a parallel multilingual hate speech
corpus. The methodology involved utilizing machine translation to translate En-
glish tweets into two target languages—Greek and Italian—and then employing
backtranslation along with translation metrics to assess the quality of these transla-
tions. Additional evaluations were conducted to analyze the toxicity levels of the
translated texts, culminating in a qualitative review of a sample of the instances
used. The findings revealed that while machine translation can adequately convey
the intended meaning of a sentence, it often introduces grammatical and syntactical
errors that render the output unsuitable for inclusion in a parallel corpus. Only
a limited number of examples successfully preserved both the meaning and the
toxicity of the original text without such issues, something that underscores the
difficulty of the task.
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The following chapter adopts a psycholinguistic perspective to investigate
harmful language, emphasizing how various textual elements affect the annotation
process.
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Chapter 8

Psycholinguistic Effects

Examining Inferred Author and Textual Correlates of Harmful Lan-
guage Annotation

In Chapter 3] we saw that how annotators label instances can depend on many
factors such as the annotators’ personal experiences and beliefs, which can induce
their own personal biases in AI models and/or the implicitness of the text itself
(Goyal et al., 2022; [Sap et al., 2022; |Ocampo et al., 2023)). The problem of
annotator bias is a crucial one as it can be “ethically and socially concerning,
when [it] can reinforce algorithmic oppression against minoritized or marginalized
populations” (Sachdeva et al., [2022b). When Al systems discriminate against
certain groups of people, it raises ethical concerns about fairness, justice, and
human rights, consequently damaging the reputation and trust of organizations that
deploy them.

Apart from the annotators’ characteristics, there are factors that lie in the text
itself and can influence annotation and create problems with model evaluation.
These factors include language features such as sarcasm and implicitness (Frenda),
2018), as well as ambiguity and variation (Beck et al., 2020). Similarly, several
factors related to the communicator (in the case of this thesis, the author) have
been identified as predictors of how their communication style is perceived by the
recipient (Von Thun, 1981; Leung and Bond, [2001). Thus, exploring how different
communication styles can be associated with hate speech annotation is a crucial
point of this research. Figure[8.T|presents three examples that allow the formulation
of the hypothesis that text aspects and inferred author demographic information,
such as the communication style, gender, and emotion can be correlated to how
annotators label harmful language. As shown in Figure[8.1a] one of the annotators
labels the sentence as hate speech, while the other two find it neutral or ambiguous.

109
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This may be the result of a misinterpretation of the sentence or due to the action-
seeking tone conveyed through the use of the imperative mode which may have led
to confusion, as the definition of hate speech is usually associated with incitement
of hatred and violence (Jahan and Oussalahl 2023), where the use of the imperative
is commonly used. Particularly, this instance cannot be classified as hate speech as,
although it contains the imperative mode, it does not incite any violence towards
some marginalized group, as state most hate speech definitions (Hietanen and
Eddebo, 2023a). In addition, studies show that language use and wording vary
depending on the author’s demographic information, such as gender and age
(Pennebaker and Stone, 2003} [Flekova et al.| [2016), which can in turn lead to
different text interpretations. With that in mind, in this chapter the role of the
author’s gender and age in annotation is also explored. Figure [8.1b| showcases
the variation in annotations for a sentence predicted to be authored by a man.
Notably, the two female annotators classified the sentence as hate speech, whereas
only one of the male annotators made the same classification. This forms the
hypothesis that the perception of hate speech may be influenced by text features
that convey author-related information, such as gender, emotion, sentiment, or
communication style. I propose that these textual aspects could correlate with
how annotators perceive and classify hate speech. There are also cases where the
emotion potentially plays a role in the annotation of harmful language. An example
is presented in Figure While “bitch” is often not classified as hate speech in a
general sense, it can be misogynistic or offensive depending on context (Pinker,
2007). In this case, the overall expressed emotion of anger may lead the annotators
to perceive such language as more hostile or aggressive, increasing the likelihood
of classifying it as hate speech.

As language cues can betray different psycholinguistic attributes, I examine
communication style, sentiment, emotions and emotionality of the text itself as
another factor that can bias the annotators’ perspective during harmful language
annotation, as emotionally charged language and style of communication can lead
to subjective interpretations of harmful language. More specifically, in this study,
leveraging psycholinguistic textual elements serve as a proxy to discern whether
author attitudes can indeed influence annotation, shedding light on the intricate
dynamics at play among author, text, and annotator during the annotation process.
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—)g hate speech

Annotator 1

Shut the f*%k up
with the religious
crap. Nauseating

Symanto Al 4)’

L—> ——> ambiguous
Communication style:

action-seeking Annotator 3

—> ——> ambiguous
N g

Annotator 2

(a) Inferred author communication style according to the
model (and plausibly perceived by the annotator): action-
seeking.

.0

Annotator 1

The only black girl
I've slept with, that —> hate speech

bitch gave me GW.

Annotator 2

(o)
—> = no hate speech
S

Annotator 3

Symanto Al —>

Author: male > g hate speech

Annotator 4

By

(b) Inferred gender for the author according to the model
(and plausibly perceived by the annotator): male.

—)% hate speech

Annotator 1

| mean bitch..
go to hell

—)M—) ambiguous

Annotator 2

Symanto Al *)Q
—)8—) ambiguous
Emotion:
anger Annotator 3

(c) Inferred emotion of the author according to the model
(and plausibly perceived by the annotator): anger.

Figure 8.1: Instances of annotated hate speech with annotator information from

the Measuring Hate Speech dataset (Kennedy et al., [2020)
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The aim of this work is to analyze annotator and text characteristics in relation
to bias in harmful language detection datasets. In a holistic attempt, I examine
certain text aspects —psycholinguistic information, namely sentiment, emotions,
emotionality and communication style, as well as inferred demographics of the
author(s) of the text, such as gender and age— to see how they might affect the
perception of harmful language, specifically ‘toxicity’ and ‘hate speech’, during
annotation. I examine the characteristics of the text in relation to the annotations by
fitting a statistical regression model to data from two different datasets: the Jigsaw
Specialized Rater Pool (SRP) dataset (Goyal et al.,|[2022) and the Measuring Hate
Speech dataset (MHS) (Kennedy et al., 2020). The results show that most text
aspects are correlated with labeling harmful language.

This chapter seeks to find answers to the following research questions:

RQ1 How are psycholinguistic aspects of the text (emotion, emotionality, com-
munication style, sentiment) associated with labeling for hate speech and
toxicity purposes?

RQ2 Do certain inferred demographic aspects of the author of the text (in particu-
lar, age and gender) affect the annotators’ perception when labeling for hate
speech and toxicity?

The rest of the paper is structured in the following manner: In Section [8.1]
I discuss some social psychology and psycholinguistic approaches to harmful
language and its relation to annotator characteristics. I present our methodology
and the reasons behind our selected data analytics and models, followed by a brief
overview of the computational models used for our analysis in Section [8.2] I
present our results and analysis in Section [8.3] followed by a discussion in relation
to our research questions in Section [8.4] Finally, I discuss the limitations of our
study in Section[8.5]

8.1 Psycholinguistic Characteristics of the
Text

As in most annotation tasks, in hate speech and toxicity detection annotators, most
often, do not have any informed knowledge about the authors of a potentially
toxic or hateful text and, therefore, making assumptions regarding the intention
of the authors of a text is inevitable (Fortuna et al., 2022} Sap et al.,2019). Thus,



8.1. PSYCHOLINGUISTIC CHARACTERISTICS OF THE TEXT 113

one of the primary aspects of toxicity and hate speech is its perception from the
target groups who get exposed to and observe or are victims of hateful acts. The
perception of target groups varies depending on internal factors that are inherent
such as age, gender, cultural background, and ideology, and contextual factors
expanding to the social experiences such as prior exposure and being a member of
a disadvantaged group (Sap et al., [2022} |Chetty and Alathur, 2018}; Guberman and:
Hemphill, [2017; |Cowan and Hodgel, [1996)). For example, (Guberman and Hemphill
(2017)) show that female annotators are better at detecting more subtle forms of
aggression than men, possibly because women are more likely to have personally
experienced certain types of microaggressions. All these factors play a significant
role in triggering certain emotional responses (e.g. fear, anger, sadness, outrage)
associated with perceived threat, and can lead target groups to identify hate speech
and toxic language in particular ways (Boeckmann and Liew, 2002).

Among the attributes that could influence annotators’ perception of harmful
language, this chapter focuses on the psycholinguistic features of the text they
encounter and rate in terms of toxicity and hate speech. Psycholinguistic markers of
a text give better insights than the content itself and manifest various psychological
states of an individual (Pennebaker and King, [1999). Several studies revealed that
it is the case for toxic language as well. Specifically, psychological states and
conditions of the hate speech perpetrators spill over to their language, which could
be tracked as personality variables (e.g. right-wing authoritarianism), emotional
states (e.g., disgust, hate), and motivations (e.g., thrill-seeking) (Duckaitt, 2001}
Gerstenteld, 2002} (Cottrell and Neuberg, 2005; [McDevitt et al., 2002)). Humans are
fairly good at observing and perceiving such psychological and personality traits
since making judgments is a natural part of day-to-day interactions, and lots of
short- and long-term decisions are made through this way (Macrae and Quadflieg,
2010). Research shows that even first and quick impressions provide accurate
observations in terms of predicting traits (Carney et al., 2007). In this study, I
attempt light on how different types of psycholinguistic text aspects influence
annotators’ perception of harmful language.

Previous research has shown that comments inclined towards toxicity and hate
speech had significantly different linguistic features than non-toxic comments.
Social media comments with hate speech were longer, combined with more ex-
clamation and question marks, and contained less numbers of emojis (Gevers
et al., [2022)). Studies yielded that toxic comments conveyed less agreeable, less
emotionally aware and more informal communication qualities (ElSherief et al.,
2018alb). Studies with an emotion focus showed that toxic comments consisted of
more anxious, depressed, angry and less joyful cues (Cheng et al., 2019; |Chatzakou
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Sentiment Example

Negative Just awful, why can’t a-holes like this just kill them-
selves.

Positive Oh, lord, he’s got himself so worked-up that he’s de-

veloped a plan!

Table 8.1: Examples of predicted sentiment from SRP.

et al., 20177). Such research evidence supports that hate speech is characterized
by particular psycholoinguistic patterns representing author’s intentions, desires,
emotions and personality traits and likely to influence annotators’ perception (EISh{
erief et al., 2018b; Balayn et al., 2021). In this psycholinguistic examination, four
aspects are considered:

DEMOGRAPHICS: Basic demographics have been extensively exploited for
linguistic research as they are able to represent personality and psychological
traits (Schwartz et al.| [2013). Pennebaker and Stone| (2003)) have found striking
psycholinguistic differences and variations predicted by age and gender. For
age, they show that as people get older, they use more positive, less negative
and less self-disclosed wording. Women use wording about social interactions
and contextual features whereas men refer more to formal, informational and
affirmative cues (Newman et al., 2008). Somewhat contrary to these findings, a
more recent research by Hilte et al.[(2023) shows that men produce more hateful
comments than women, and people produce more hate speech the older they grow,
as well as that specific age and gender dynamics vary slightly in different languages
or cultures. Combining this background with the research evidence that people
perceive situations and conversations differently when they collect cues about the
gender, age and political viewpoint of the author (i.e., categorical thinking), a
certain level of bias is expected in this study as well (Quinn and Macrae, 2005
Flekova et al., [2016). Accordingly, we could expect that inferred demographic
qualities of the author of a text could impact how annotators perceive its toxicity
level.

SENTIMENT: Sentiment analysis is the classification of texts as positive, nega-
tive, or neutral, which in turn allows the understanding of emotional dispositions
towards topics and situations (Munezero et al., 2014). Studies on sentiment provide
insights into the relationship between computational models and psychological
measurements, as using the correct computational framework to evaluate a psy-
chological state can aid Al model the human mind (Jo et al., 2017). A line of
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Emotion Example

Fear “as if every Democrat had to state for the record they are not a member
of the Communist party.” Or every Muslim to state for the record that
they are appalled by terrorism?

Sadness did you forget the Dallas shooting during the BLM rally. How many
police officers died? Was President Obama your President during that
time?

Joy Marriage_is_the_joining_of_families.

_When_families_of gays_want_religious_weddings,_they-
will_get_them.

Surprise  oh really? During Fox News coverage of DNC convention, When
Khizr Khan spoke, Fox went to a commercial about Bengazi, and
returned to Katy Perry singing. What a perfect world you live in!

Anger I think this is a terrible idea and not because he carries a lot of
baggage. Dude was not that accurate, we already have 3 QBs that
aren’t accurate. Sure he can scramble but with our line that is all he
will be able to do. Add in the locker room, management, and fan
division by having him here and pop goes the weasel!

Disgust "unbeknownst to them, they walked into a bakery owned by a person
harboring such prejudice against same-sex couples he refused to bake
them a cake. "Complete and utter BS. They were singled out because
of their religious beliefs.

No
emotion I did; she may have had black ancestors - but probably not.

Table 8.2: Examples of emotions adapted from SRP.

research suggests that negative sentiment attracts more attention, as people tend to
care about conflict, controversy and bias in text (Chmiel et al., 2011; Mejova et al.,
2014). On the other hand, positive sentiment is shown to boost user interest and
create more virality online than negative content (Berger and Milkman, [2013). In
this study, I am interested in understanding how negative and positive sentiment
would be associated with the annotation task. Examples of sentiment predictions
can be found in Table 811

EMOTIONS: In many cases, sentiment analysis is insufficient and therefore
emotion detection studies are also required, which are able to determine an individ-
ual’s emotional or mental state (Nandwani and ., [2021)). Basic emotions are the
most fundamental and distilled versions of emotional experiences that represent the
rawest discrete and automatic responses to stimuli, situations and events (Plutchik,
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20015 [Ekman and Cordaro, [2011]). As the most established and studied emotion
theory, Ekman’s model lays out six basic emotions: anger, disgust, fear, joy, sad-
ness, and surprise (Ekman and Friesen, |1969). As the basic emotions discern the
most prototypical elements of an experience, it is applicable and observable in
many contexts. For instance, people who hold prejudice and hate towards minority
groups have difficulty in regulating their emotions and tend to be expressive about
them (Walters et al., 2016). Harmful language and emotion co-exist in close prox-
imity, as many studies have tried to reinforce hate speech detection by including
emotion information. For example, taking into account previous psychological and
empirical investigations that associate negative emotions and hate speech states,
Min et al. (2023) use multi-task learning, where any hate speech sample can be
assigned with two kinds of labels, including a hateful label and an emotion label
leading to more accurate hateful predictions. Considering the contribution of emo-
tions in the perception of hostile behaviors, it is important to break down the kind
of emotions that impact the annotators’ labeling of toxic language. Examples of
emotion can be found in Table

Emotionality Example

Rational Cal came out hotter than a firecracker but you’re right
that it did become hard to watch. If that debacle didn’t
bring the Ducks back to earth nothing will and now they
need to keep , as they say, Cal from beating us twice.

Emotional  Alpha blowhard, perhaps, but haven’t we gotten beyond
the idea of masculinity as being necessarily the loudest,
most arrogant, most selfish, and most obnoxious person-
ality in the room?

Table 8.3: Examples of emotionality adapted from SRP.

EMOTIONALITY: Emotionality in text gives away clues about how people
experience the world and explains their way of reacting and coping with situa-
tions and events (Tausczik and Pennebaker, 2010). Emotional qualities refer to
feeling-focused cues involving values and emotions while statements that are less
emotionally-charged (i.e., emotionally-neutral) are characterized by rationality,
which provides logical and analytical reasoning (Stajner et al., 2021). Previous
psycholinguistic studies showed that emotional text conveyed increased levels of
immersion to an important event (e.g. personal trauma), leading to high levels of
emotional processing of the situation (Holmes et al.,[2007). On the other hand, text
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Communication Style Example

Self-revealing My  understanding is that a PPS em-
ployee/fundamentalist Christian complained because
Frida is bisexual and it is mentioned in the film.

Fact-oriented children are mostly born with male or female genitalia.
that makes them boy or girl. very few have that strange
condition of both. it is this perverted culture that lives
to confuse the most innocent. shame on these perverts
and purveyors of filth.

Action-seeking Dear Legislators: Go read the UofA article about peo-
ple losing their jobs. Get to work on the budget issues.
Information-seeking Why don’t heterosexuals feel the need to parade their

heterosexuality annually?

Table 8.4: Examples of predicted communication styles adapted from SRP.

that contained rational cues, such as causal wording, focused more on concrete
information about a topic and provided a cognitive mechanism that triggered an
active processing and reevaluation of the event (Tausczik and Pennebaker, [2010;
Pennebaker et al., 1997). Considering all this, it is debatable whether annotators
could be more impacted by emotional textual cues which convey an emotionally-
charged tonality or by the rational text due to paying attention to logical linguistic
markers in their perception of harmful language. Emotionality examples can be
found in Table 831

COMMUNICATION STYLE: The way people communicate showcases their
psychological states, leading the receiving end of the communication to have
a certain impression about the sender. By sending information and signals in
a particular way, the person denotes an appearance, identity and interpretative
suggestion to him/herself (de Vries et al., 2013)). Multiple variables have been
reported about the communicator as predictors of how their communication style
is perceived by the recipient. For instance, a friendly style generally predicts
attraction and likeability (Leung and Bond, 2001). According to the Four-sides
Communication Model (Von Thun, 1981)), communication is a dynamic and layered
act where every utterance contains messages about facts, self-disclosed information,
social context, and desires. By basing upon this communication framework, four
different communication styles are used: self revealing, statements with personal
information and experiences; fact-oriented, statements about facts, logic and
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objective observations; action-seeking, requests, demands and suggestions asking
for action; information-seeking, direct or indirect questions (Stajner et al., [2021]).
With this, the aim is to understand how different styles of communication would
relate to the annotation of hateful language. Examples of each communication
style can be found in Table [8.4]

8.2 Proposed Approach

For the purposes of this study, two datasets are selected, one for toxicity detection
and one for hate speech detection. Running the models of text aspects, enabled
obtaining scores on different demographic and psycholinguistic aspects of the text.
At this point, it must be noted that, since this study is the first to examine text
aspects in relation to toxicity and hate speech annotation, a ground-truth dataset
was not available and, thus, proprietary Al models were used to generate said
information. The used Al models are properly evaluated, excel at processing
vast amounts of data and can identify complex patterns that might be challenging
for humans to detect. An ordinal regression analysis was then performed to find
statistical effects and study the relation between the labeling and text aspects.
Figure [8.2]illustrates the approach. The first step is using data from two datasets:
MHS dataset and SRP. dataset. Instances from these two datasets are inserted
into predictive artificial intelligence models that allow to obtain predicted labels
on demographics and specific psycholinguistic text aspects. For the final step
of this study, ordinal regression is performed with the newly obtained predicted
labels as the dependent variable and the toxicity or hate speech scores that were
initially included in the two datasets. More information about the newly added text
information and the statistical models is described in the next sections. It must also
be noted that, for the present study and in relation to the demographic information,
binary gender (man-woman) is modeled following the common practice in NLP
in order to also make the data and results comparable to other studies, as well
as because it is easier for the models to distinguish subtleties between these two
genders.

8.2.1 Datasets

Information about the datasets can be found in Table [8.5] The first one is part of
the Civil Comments dataset (Borkan et al., [2019b) and is known as the Jigsaw
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Figure 8.2: Chart that illustrates the selected approach for the purposes of this
study.

Specialized Rater Pool Dataset (SRP) (Goyal et al.| 2022). The Civil Comments
dataset includes crowd-sourced labels for toxicity and subtypes, with 22% of the
comments labeled for identity references. (Goyal et al.| (2022) explore the overall
amount of disagreement between rater pools (African American, LGBTQ, Control
Group) by showing the percentage of comments where the absolute value of the
mean difference is greater than or equal to 1. They find that toxicity has the largest
proportion of comments with disagreement (over 12% for both African American
and LGBTQ rater pools), whereas threat and profanity show the least amount of
disagreement. The rate of toxicity was controlled using Perspective API (Jigsaw,
2017), aiming to mitigate exposure to harmful content for annotators. A total of
25,500 comments were sampled: 8,500 identity-neutral, 8,500 mentioning LGBTQ,
and 8,500 mentioning African American identities. This resulted in a dataset with
382,500 individual annotations
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Jigsaw Dataset Measuring Hate Speech Dataset
Number of texts 25,500 50,070
Number of unique annotators 953 11,143
Number of annotations 382,500 135,556
Source Civil Comments YouTube, Twitter, and Reddit
-2 = Very toxic -1 = Counter or supportive
-1 = Toxic speech
Class labels 0 = Unsure 0 = Neutral or ambiguous
1 = Not toxic 1 = Hate speech

Table 8.5: Statistical and class information about the two datasets

The second is the Measuring Hate Speech (MHS) dataset (Kennedy et al.,
2020). Each comment is assigned 10 ordinal labels, covering aspects such as
sentiment, disrespect, insult, attack/defense, humiliation, status (inferior/superior),
dehumanization, violence, genocide, and a 3-point label for hate speech. These
labels are combined using faceted Rasch measurement theory (RMT) to produce a
continuous score that indicates the comment’s position on a hate speech spectrum.
The study evaluated annotator agreement using Krippendorff’s alpha, finding
generally weak agreement across all survey items, with alphas below 0.5. The
demographic information included in MHS involves the gender of the annotators,
sexual orientation, religion, education level, income level, race, and political
ideology.

8.2.2 Experimental Setup

Models The Symanto proprietary text analytics API is used for the inferred
demographics (age and gender) and psycholinguistic aspects (emotionality, com-
munication style, emotions, and sentiment) of each text. It must be noted that the
Symanto API exposes the endpoints upon requestﬂ

These API analytics models were trained (before the present study was con-
ducted) via deep learning technology (LeCun et al., 2015) on millions of texts. An
annotation study with psycholinguistic experts was also conducted, which led to
the creation of a new dataset that was used to train and evaluate the proprietary
models on the different communication styles and emotionality (Stajner et al.,
2021)). Table[8.6 shows statistics for the data partitions used to train the models.

Yhttps://api.symanto.net/docs
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Aspect Training Test
NO YES NO YES
Emotionality 6,557 6,538 496 504
Fact-oriented 11,047 2,097 827 173
Self-revealing 2,548 13,162 160 840
Action-seeking 15,969 1,945 884 116

Information-seeking 17,259 3,177 844 156

Table 8.6: Statistics of the dataset partition for the Symanto proprietary models for
communication style (gtajner et al.,[2021).

Emotionality Fact-oriented Self-revealing Action-seeking Info-seeking
P R F P R F P R F P R F P R F

c:CNN 8 89 89 8 80 83 8 8 8 85 81 83 94 93 94
ng-SVM 90 90 90 90 87 88 8 8 8 91 81 8 94 88 091
BERT 95 95 95 94 95 95 94 96 95 92 8 90 96 96 96

Model

Table 8.7: Macro-averaged performances (in %) of the proprietary models used in
§tajner et al. (2021).

Performance metrics such as Precision (P), Recall (R) and F; score (F), evaluated
on the human-annotated test set can be found in Table [8.7] In addition, these
models have been benchmarked against state-of-the-art models and have shown
similar performance when compared to public and reference benchmarks (Stajner
et al., [2021}; |Chinea-Rios et al., [2022; Mueller et al., 2022; [Basile et al., 2021)), with
the advantage of offering a ready-to-use, stable and fast analytics API.

Once all the values from the different models are obtained, the ordinal regres-
sion analysis is performed using an R Package for Bayesian Multilevel Models
Using Stan (brms) which enables the investigation of the results using various
methods defined on the fitted model object (Biirkner, [2017).

8.3 Results

8.3.1 Preliminary Style Exploration

Initially, an examination was conducted to determine whether the statement in
the psychology literature asserting that social media comments containing hate
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SRP MHS
Hate No Hate Hate No Hate
Avg. no. of tokens 82 84 29 31
Avg. no. of characters 414 425 142 155
Avg. no. of exclamation marks 0.31 0.20 0.70 0.22
Avg. no. of question marks 0.66 0.58 0.17 0.19
Avg. no. of emojis 10 10 4 4

Table 8.8: Preliminary exploration, specifically on the differences in sentence
length, punctuation, and emoji usage between hate and non-hate content within the
two datasets, SRP and MHS.

speech are longer, include more exclamation and question marks, and feature
fewer emojis (Gevers et al., [2022) holds true. To that end, the number of tokens,
characters, exclamation and question marks, and emojis was calculated for both
datasets across both classes (toxic vs non-toxic, hate speech vs non-hate speech).
These text elements were then averaged, and comparisons were made between
harmful and non-harmful language. The results are presented in Table[8.8] It was
observed that, in these two datasets, sentences containing harmful language were
not longer but did include more exclamation and question marks, while the number
of emojis remained unchanged.

8.3.2 Distributions

The preliminary examination involved calculating the distributions of the new
information added to the datasets. The results for SRP are presented in Table [8.9]
and for MHS in Table[8.10} The tables show the frequencies per class. For the SRP
the foxic and very toxic classes are merged into one.

Examining the age, we observe that both datasets indicate a higher frequency
of age predictions above 50 years old. However, in the MHS dataset, there is a
more balanced distribution across age groups. Regarding gender in all classes,
the models predict that the texts in both datasets are more frequently authored by
men compared to women. Particularly for SRP, the number of texts attributed to
man surpasses that of women by more than a sixfold, according to the models.
This aligns with the findings by Hilte et al.| (2023), that men produce more hateful
comments than women. Taking into account that such data contain instances of
conservatism and regressive beliefs, or aggression, it can be assumed that the
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Toxic Unsure Not toxic

Age 18-24 6.16% 6.90% 6.25%
25-34 1741% 17.81% 18.36%

35-49 16.68% 19.27%  20.83%

50-xx 59.74% 56.03%  54.56%

Gender Male 84.04% 83.27%  83.04%
Female 15.96% 16.73% 16.96%

Sentiment Positive 24.79%  28.72% 31.62%
Negative 7521% 7128%  68.38%

Emotionalit Rationality 57.10% 64.54%  69.49%
y Emotionality 42.90% 3546%  30.51%

Emotion Fear 29.62% 28.80%  27.09%
Disgust 27.28% 24.85%  20.43%

Joy 1327% 1491% 17.89%

Sadness 9.63% 9.73% 11.46%

Anger 7.30% 9.29% 9.86%

Surprise 7.09%  6.37% 6.89%

No emotion 5.80% 6.05% 6.38%

Self-revealing 65.40% 61.711%  59.76%
Fact-oriented 16.23% 18.81%  22.19%
Information-seeking 13.68% 15.56%  14.48%
Action-seeking 4.68% 15.56% 3.57%

Communication Style

Table 8.9: Distributions for Symanto psychoanalytics for Jigsaw Specialized Rater
Pool Dataset (SRP)

models perceive these instances as more often written by older people, since they
can appear more prone to prejudice (Alvarez Castillo et al., 2014). This could be
the case also for the annotators, as they do not comprise only one age group, and
that is why finding correlations between such variables (i.e., demographics and
annotations) is important. It is possible that the models are biased but it must be
noted that these biases derive from the early stages, namely the annotation.

In the case of communication style, self-revealing is the most prevalent com-
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Hate Neutral Counter

Age 18-24 24.68% 25.00%  25.33%
25-34 29.32% 2827%  27.93%

35-49 7.13% 11.83% 13.07%

50-xx 59.74% 3490%  38.86%

Gender Male 69.97% 65.58% 61.28%
Female 30.03% 34.42%  38.72%

Sentiment Positive 38.13% 39.65%  44.25%
Negative 61.87% 6035%  55.75%

Emotionalit Rationality 1533% 20.54%  32.09%
y Emotionality 84.67% 79.46%  67.91%

Emotion Fear 1991% 23.03%  28.59%
Disgust 14.70% 16.66%  16.40%

Joy 511% 10.04%  17.08%

Sadness 18.07% 14.86%  12.64%

Anger 24.63% 19.64% 11.73%

Surprise 1591% 12.87%  10.58%

No emotion 1.67% 2.90% 2.97%

Self-revealing 76.35% 74.35%  69.89%
Fact-oriented 3.65% 6.71% 14.11%
Information-seeking  6.52% 7.32% 7.12%
Action-seeking 13.48% 11.63% 8.88%

Communication Style

Table 8.10: Distributions for Symanto psychoanalytics for Measuring Hate Speech
Dataset (MHS)

munication style in both datasets with the rest of the styles accounting for less than
22% of the instances each in all classes. Such communication style is expected,
considering hate speech and toxic language function as a way to express personal
beliefs and other similar discourses are materialized through anecdotal narratives
and experiences. For SRP, the majority of the texts (circa 57-69%) are considered
rational by the models. The opposite occurs in MHS, where 67-84% out of the
total instances, depending on the class, are marked as emotional. Concerning senti-
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Figure 8.3: Comparison of the distributions of sentiment and emotionality in terms
of gender in Jigsaw Specialized Rater Pool Dataset (SRP)

ment, both cases show a higher prevalence of negative texts compared to positive
ones. Regarding emotions, in SRP, the most frequently predicted emotion is fear,
with more than 27% of the total instances in both cases. Disgust comes second,
followed by joy. In MHS, the emotion distribution is different depending on the
class. For example, when no hate speech is identified, the prevalent emotion is fear,
followed by joy and disgust. When we are looking at the neutral or ambiguous
hate speech class, fear is again the most prevalent emotion, followed by anger
and disgust. Finally, when hate speech is identified, anger is the most prevalent
emotion, followed by fear, and sadness.

In general both datasets are characterized by negative sentiments and emotions
rather than positive ones. One of the reasons could be the selection method of the
instances during the creation of the original datasets that target specific topics and
keywords (Goyal et al., 2022} [Kennedy et al., [2020), resulting in instances that
might not be hate speech or toxic but still contain negative nuances.

Some variables are also compared in terms of gender. In Figures[8.3]and [8.4]
are presented the percentages of sentiment and emotionality in terms of gender. In
SRP, we see that texts that are possibly written by both female and male authors
according to the models, are associated with negative sentiment by approximately
70%, while positive sentiment is at 29.6%. In MHS, negative sentiment is more
frequently associated with male authors while positive sentiment with female
authors. With regard to the emotionality of the text, emotional texts are attributed
more frequently to female authors compared to male ones that are attributed more
rational texts. In both datasets, female authors are associated with more emotional
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Figure 8.4: Comparison of the distributions of sentiment and emotionality in terms
of gender in Jigsaw Specialized Rater Pool Dataset (MHS)

texts by a difference of 0.1 compared to male authors. The fact that emotionality
and positive sentiment are more often attributed to female authors can be due to
the fact that models are trained on data and therefore can carry biases, while it is
also true from previous research that language between males and females differs

and that can be picked up by the models (Lee and Kim), [202T)).

8.3.3 Regression Analysis

In this section, the results for the coefficients of the regression analysis are pre-
sented. The estimate, the estimate error, and the credible intervals are reported.
The population-level effects are then displayed separately for each factor examined
in the analysis, expressed in terms of standard deviations and correlations. The
first column presents the different variable groups, the second column provides
the mean values (estimate), and the third column includes the standard deviation
(estimate error). A goodness-of-fit test was also conducted by calculating the Rhat
value (Gelman and Rubin, [1992), which indicates whether a computer simulation is
performing well. For the model to be considered a good fit, the Rhat value must be
lower than 1.1, which was achieved for all variables. Additionally, it was observed
that lower estimates correspond to a higher probability of toxicity.

The tables are also grouped in accordance with the research questions. At this
point, it needs to be noted that the lower the estimate value, the most probable is
the correlation between the variable and the toxicity of the text. The significance
of the results is calculated by subtracting the estimate value from the estimate error.
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Emotionality and Sentiment Estimate 95% CI

SRP MHS SRP MHS
Rationality 0.3710.01 0.2719.01 [0.34, 0.40] [0.25, 0.29]
Positive sentiment 0.2450.01 0.0340.01 [0.21, 0.26] [0.02, 0.05]

Table 8.11: Coefficients for text sentiment and emotionality in SRP and MHS.

Age and Gender Estimate 95% CI

SRP MHS SRP MHS
Age -0.03i0,02 0.1310‘01 [—0.07, —OOO] [01 1, 014]
Men -0.09+0.02 -0.1510.01 [-0.12,-0.06] [-0.16, -0.13]

Table 8.12: Coefficients for the author’s age and gender in SRP and MHS.

The effect is considered significant only if the resulting absolute value is greater
than the original estimate error.

The estimated coefficient for the rationality/emotionality of the text both in the
SRP and MHS datasets (Table [8.11) is positive, indicating a negative correlation
with the level of toxicity and hate speech of the text. The credible intervals confirm
that the estimate value is true, meaning that the estimate value falls within a range
of plausible values based on the statistical analysis. The results are in line with
what we saw earlier when examining the distributions, as it is expected that more
irrational texts would be more prone to be annotated as toxic language or hate
speech, compared to rational ones.

Similarly, the estimated coefficients for the positive sentiment of the text in
both datasets indicate a negative correlation with the toxicity and hate speech of the
text, however, in the MHS dataset the value is very low, thus the correlation might
not be so intense. A negative correlation to positive sentiment is not surprising as it
is usually negative sentiment that is associated with toxic language and hate speech
due to the content of such texts, that might contain pejorative wording or describe
unpleasant situations and experiences.

Age and gender coefficients are presented in Table[8.12] In the SRP dataset, the
estimated coefficient for age (-0.03) indicates a positive correlation with the toxicity
of the text. As age here is modeled in a linear manner, the greater the age number
the higher the possibility of a text to be labeled as toxic. The credible intervals
show that the effect is likely to fall within the range of -0.07 to -0.00. However, in
the MHS dataset the coefficient shows a negative correlation with the hate speech
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Emotions Estimate 95% CI
SRP MHS SRP MHS

Disgust -0.2610.02 0.1840.01 [-0.30, -0.21] [0.16, 0.20]
Fear ‘0~]2i0.02 0.34i0,01 [—0.16, —007] [032, 037]
Joy 0.20+0.03 0.4810.01 [0.15, 0.25] [0.45, 0.51]
No emotion 0-21i0.03 0~30i0.02 [015, 026] [027, 035]
Sadness 0.0540.03 0.2210.01 [-0.00, 0.10] [0.20, 0.25]
Surprise 0.1040.03 0.2310.01 [0.04, 0.17] [0.20, 0.25]

Table 8.13: Coefficients for the emotion effects in SRP and MHS.

of the text, with an estimate of -0.13 and the credible intervals indicating that the
true value falls within the range of -0.14 to -0.11. These contrasting results could be
originating from the social media platforms that the datasets were extracted from.
SRP was sourced from a news comments platform (Goyal et al., 2022} Borkan et al.,
2019a) whereas MHS includes posts from YouTube, Twitter, and Reddit (Kennedy:
et al., 2020). News platforms are mainly used by elder people, who tend to produce
more conservative posts that are less tolerant towards minority groups (Cornelis
et al., 2009). The SRP comments might naturally be inclined to contain more
toxic language, which could have impacted annotators. In addition, replicating the
same experiments with two different experiments and yielding contrasting results
does not necessarily mean that there is no correlation. On the contrary, we can
consider it an absence of evidence. With regard to gender in the SRP dataset, the
estimate for men is -0.09 indicating a positive correlation with the toxicity of the
text. The credible interval indicates that the true effect size is likely to fall within
the range of -0.12 to -0.06. Similarly, the estimate for the MHS dataset shows a
positive correlation (0.15) with the hate speech of the text, with narrow credible
intervals indicating that the true effect size lies within 0.13 and 0.16. Women use
more cognitive, social and hedge words (e.g., “I think™), which conveys a linguistic
style that is people-oriented, empathetic and referring to multiple perspectives.
In comparison, men’s linguistic style is reported to contain more big words and
swear words, and to be object- and topic-specific (Pennebaker, 2011). Thus the
annotators can be more sensitive to hate speech or toxic language used by men.

Regarding the emotions (Table [8.13)) that are present in the text for the SRP
dataset, disgust and fear present a positive correlation with the toxicity of the text
with the estimated effects being -0.26 and -0.12 respectively, values that are also
included in the credible intervals. Joy, sadness, surprise, and no emotion all show
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negative correlation with the estimated effect for joy 0.20, for sadness 0.05, for
surprise 0.10, and for no emotion 0.21. The confidence intervals for each respective
emotion are 0.15 to 0.25 for joy, -0.00 to 0.10 for sadness, 0.04 to 0.17 for surprise,
and finally 0.15 to 0.26 for no emotion. The MHS dataset, on the other hand,
presents all negative correlation with the hate speech of the text. The coefficient
for disgust is -0.26, with a credible interval of -0.20 and -0.16. The coefficient
for fear is 0.34 with the credible interval 0.32 to 0.37. For joy the coefficient
is 0.48 and the credible interval shows that the true effect size falls within 0.45
and 0.51. Sadness and surprise present coefficient estimates of 0.22 and 0.23,
respectively, with credible intervals 0.20 to 0.25 for both variables. Finally, no
emotion presents a coefficient estimate of 0.30 and a credible interval of 0.27 to
0.35. We can connect these findings with the fact that negative emotions are more
likely to induce negative counter-speech. Disgust is reflected as moral disgust
in the modern society serving for rejection of out-group ideas and values. It is
explicitly directed towards groups that are considered as social norm violators.
Hence, in this study, disadvantaged group members may have been triggered by
being perceived as moral threat, and label disgust-related hate speech as more
toxic (Ekman and Cordarol 2011} [Tybur et al., [2009). As for fear, the results
for positive correlation with toxicity could be related to annotators’ perception
about being feared as a community. Being stigmatized as fearful and dangerous
has crucial mental health impacts on minority communities (Misra et al., 2021).
For annotators, this may have played a role in being selective about text that
highlights fear as hate speech. The co-occurrence of disgust and fear as the two
most correlated emotions is a noteworthy finding as well. These two emotions
have been reported as potentially co-occurring together since they are avoidance
emotions which trigger withdrawal from the stimuli, i.e. minority groups in this
study (Harmon-Jones et al., 2011). This supports the idea that annotators could be
impacted by emotions that stigmatize them as groups to be avoided, and inclined
to label such text as more toxic.

For the communication style (Table[8.14)) in the SRP dataset, action seeking,
information seeking, and self-revealing communication styles all show positive
correlations with the toxicity of the text. The estimated effects are -0.17, -0.08,
and -0.09, respectively. The credible intervals show that the true effect size for
action seeking is likely to fall within the range of -0.20 to -0.23, for information
seeking -0.11 to -0.05, and for self-revealing -0.12 to -0.06. The fact oriented
communication style presented negative correlation with the estimated effect being
over the reference (0.05) and the credible intervals indicating that the true effect size
lies within 0.02 and 0.08. For the MHS dataset there are only two communication
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Table 8.14: Coefficients for the communication style in SRP and MHS.

Communication style Estimate 95% CI

SRP MHS SRP MHS
Action seeking -0.17+9.02 -0.1149.01 [-0.20, -0.13] [-0.13, -0.09]
Information seeking -0.0810.01 0.1140.01 [-0.11, -0.05] [0.09, 0.13]
Self-revealing -0.0940.01 -0.03190.01 [-0.12, -0.06] [-0.05, -0.01]
Fact oriented 0.0540.01 0.26410.01 [0.02, 0.08] [0.23, 0.29]

styles that are correlated to the hate of the text, i.e. action seeking and self-
revealing, with the estimate being 0.11 and 0.03, respectively. The credible intervals
show that the true effect for the former falls within 0.09 and 0.13, while for
the latter within 0.01 and 0.05. Information seeking and fact-oriented report
negative correlation. The estimate for information seeking is -0.11 with the credible
intervals showing that the true effect falls within -0.13 and -0.09 while the fact-
oriented communication style presents an estimate of 0.05 and credible intervals
of -0.29 to -0.23. We saw in the results that in the SRP dateset, only fact oriented
communication style is negatively correlated with toxicity, however slightly. All
the rest are positively correlated. Fact oriented communication style was also
negatively correlated in the MHS dataset. Information-seeking is also negatively
correlated. These results confirm the initial hunch which expected self-revealing
information to be more prone to be labeled as toxic or hate speech. Self-revealing
information is about a person’s life trajectory and very central to who they are
including values and belief systems (Hirsh and Peterson, 2009). In the annotation
task, text disclosing personal and self-relevant stories about hate speech may have
drawn a picture of prejudicial and toxic traits and identities about the authors,
which could have inclined annotators to label self-revealing comments as more
toxic. Confirming the socio-psychological presupposition, in both datasets self-
revealing texts are positively correlated with the toxicity and hate speech of the
annotated texts. Hate speech is often enriched with personal stories, suggesting
action and information-seeking communication styles are potentially more related
to minorities, thus could have evoked more toxicity during labeling.
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8.4 Discussion

This chapter has examined the correlation between hate speech and toxic labeling
with two elements that could potentially result to bias: inferred demographics (age
and gender) of the authors of the text, and different psycholinguistic aspects of the
text (sentiment, emotion, emotionality, communication style). Most of the elements
presented moderate correlation with toxicity and hate speech labeling, expanding
research from previous studies that only examine annotator bias to research that
takes into account the text itself as it might influence the annotator’s perception
of harmful language. The discussion section will use the analysis to address and
answer the research questions.

RQ 1 How are psycholinguistic aspects of the text (emotionality, sentiment,
emotion, communication style) associated with labeling for hate speech or toxicity
purposes?

As we saw in the results, the more emotional, the higher the likelihood of the
text to be labeled as toxic. This is potentially due to the fact that emotionally
charged texts might trigger high levels of emotional processing (Holmes et al.,
2007). In addition, the wording used in emotionally charged texts is very different
from the wording used in more rational texts. Profanity, certain syntax, and other
linguistic features are more likely to appear in emotional texts, facilitating the task
of toxicity labeling (KhosraviNik and Esposito, 2018). Furthermore, toxicity and
hate speech are phenomena that are constructed on stereotypes based on irrational
assumptions and generalizations (Beeghly, 2021). Consequently, it is expected that
rational language is harder to be associated with such phenomena.

With regard to sentiment, positive sentiment and toxicity or hate speech are
negatively correlated in both datasets, according to the results. This is expected
as toxic language and hate speech are usually characterized by negatively charged
language, such as the denial of fundamental human rights accompanied by the
promotion of violent and aggressive behavior, as well as the use of vulgarisms
which seem to indicate hate speech (Papcunova et al., [2023)). This holds true for
the emotions that the texts convey in general since the results indicated that fear
and disgust are correlated with toxicity and hate speech. However, annotators must
be aware that a text that conveys negative sentiment or emotion is not necessarily
toxic or hate speech.

The fact that communication style is also correlated with the toxicity and hate
speech labeling to a certain degree, could initiate a discussion about the training
of the annotators and how, maybe by being aware of such subtle differences in
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linguistic choices, they can avoid inducing unfair biases into their annotations.

RQ 2 Do certain demographic aspects of the author of the text (such as age and
gender) affect the annotators’ perception when labeling for hate speech or toxicity?

As far as age is concerned, the results from the two datasets are contrasting. For
the SRP dataset, age has a positive correlation with toxicity, and given also that the
linear scale is used, the greater the inferred age of the author of the text, the higher
the probability of a text to be perceived as toxic by the annotators. In MHS, age
shows negative correlation with the hate speech of the text. Previous research has
shown that as people get older, they use more positive and less negative wording
(Pennebaker and Stonel 2003). The present findings, however, contrast these
studies as the numbers suggest that the older the author of the text the more likely
it is to be associated with toxicity or hate speech by the annotators. Given that the
study by |[Pennebaker and Stone| (2003)) was conducted in the early 2000, before
the Internet started to become accessible to everyone, and before the existence
of massive social media platforms like Facebook and Twitter, the state of affairs
has changed calling for more longitudinal approaches. Furthermore, the Internet
provides a certain degree of anonymity that gives room for the use of hateful
language. Taking into account that it is more likely for older people to engage into
conservatism and hateful movements, in conjunction with the anonymity of the
Internet, then it is expected that this also would be the perception of the annotators,
justifying the results from sociological perspective.

There were also differences in how gender is correlated with the toxicity and
hate speech of the text. Considering the fact that up to a certain degree the two
genders use different linguistic features, for example women tend to be more polite
while men more assertive due to social conventions and expectations, it is expected
that annotators perceive these differences and do not label in an unbiased manner,
meaning that they might label an instance as toxic if they suspect that it is authored
by a man much easier than if they suspect the author is a woman.

Overall, all the text aspects that were examined in this study might weigh into
the decision-making of the annotators, particularly in borderline cases. Text aspects
can appear in both toxic and non-toxic texts, but the way annotators perceive and
interpret them might affect the classification.

8.5 Conclusion

This study is the first to analyze text aspects —such as inferred demographic
information, emotions, and communication style of the author— to examine their
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effect on harmful language annotation, specifically toxicity and hate speech. All
these aspects seem to be related to how annotators perceive and label toxicity and
hate speech, something that could potentially introduce bias that can be harmful
for corpora creation and Al model building. The study indicates that demographic
text features, such as age and gender of the author, are correlated with annotators’
perceptions and could be linked to differences in the annotation process, with age
showing a particularly strong association in the results. Most Ekman emotions
seem to be negatively correlated with toxicity, apart from fear and disgust, as well
as negative sentiment indicating that annotators might be more prone to labeling a
text as hate speech or toxic if the sentiment or emotion the text conveys is negative.

Regarding communication style, fact oriented presented negative correlation
in both datasets, while most of the rest of communication styles were positively
correlated. This analysis has provided us with a few insights on potential biases of
the perception of hate speech, paving the way for more research that will lead to
more thorough data collection and that will take into account more variables that
concern the text and not only the demographics of the annotator.
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Chapter 9

Conclusions

This thesis has explored automatic hate speech detection, addressing key challenges
such as the selection and application of definitions, bias mitigation, generalization,
and cross-lingual dataset creation. The primary contributions of this work include
the development of datasets—either as re-annotated versions of existing data or
entirely new collections—and providing valuable insights into the appropriate
framework selection for specific tasks in hate speech detection.

To proceed to the experimental part of this thesis, I first analyzed the current
state of automatic hate speech detection. Chapter [3 highlighted that defining hate
speech and related concepts, such as toxicity and abusiveness, remains an open
issue, even for legislative authorities that attempt to define hate speech and provide
laws. The appropriate selection or creation of definitions is heavily task-dependent
and must align with the annotation guidelines established by researchers.

This lead to an examination of current annotation schemes which are another
subject of ongoing debate. Given the inherently subjective nature of hate speech
detection, several questions arise: Should annotators always be provided with ex-
plicit definitions? Should they possess expert knowledge in the field? Furthermore,
annotation results can be influenced by personal biases and contextual factors, such
as the style of the text or linguistic cues that suggest the author’s demographics
(e.g., gender) or attitudes (e.g., communication style or emotional tone).

Finally, Chapter [3]also underscored that current models face significant chal-
lenges in tackling issues like generalization, multilinguality, and cultural awareness.
Existing approaches still fall short in addressing these challenges, leaving room for
further improvements in the field. This thesis has attempted to address aspects of
these challenges.

First, focusing on the issue of defining hate speech and related concepts—and
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how these definitions influence annotation and generalization—I presented a re-
annotation experiment in Chapter i} This experiment evaluates the robustness
of existing datasets by comparing their original labels with re-annotated ones
in terms of annotator agreement. Additionally, I conducted BERT-based model
experiments, evaluating the model’s performance on both the original labels and
the re-annotations. The human annotation shows that, although in most cases the
annotations were inconsistent, Toxicity and HOTA (any of the following: Hateful,
Offensive, Toxic, Abusive language) appear to lead to higher and more consistent
inter-annotator agreement. The experimental model, on the other hand, showed
that, assessing on data from the same source as the training set, when using the
original ground truth, can lead to higher accuracy compared to assessing data from
a different source, confirming previous studies. Yet, this cannot be used as a rule
of thumb since testing on the re-annotations showed that the performance can drop
when testing on the data from the same source as the training set and it can increase
when testing on previously completely unseen data. Future work could examine
more datasets and also leverage the power of LLLMs for the model experiments.

As the interpretation of the definitions used in Chapter f] proved highly sub-
jective, I investigated whether the same applies to hate speech laws. In Chapter 5]
I presented a newly judged sample dataset on prosecutable hate speech. Using
this labeled data, I conducted experiments to predict whether a given hate speech
instance could be considered prosecutable. Additionally, Qwen2 was employed to
generate silver data, which was evaluated on the re-annotated dataset. The results
of the re-annotation demonstrated that, even with explicit reference to legislation,
determining whether an instance qualifies as prosecutable hate speech remains a
matter of subjective interpretation. Furthermore, the models used in the experi-
ments tended to be more conservative, predicting fewer instances as prosecutable
compared to non-prosecutable. Interestingly, this tendency aligns with human
annotations, where both experts and models demonstrated a bias toward the “Not
Prosecutable” class. Our error analysis further revealed that multiclass PLMs
trained with leave-one-out cross-validation are more effective for prosecutable hate
speech detection than LL.Ms. Finally, LLM-generated data did not contribute to
improved performance for PLMs. In future work, the re-annotated dataset could
be expanded with additional annotations based on hate speech laws from different
countries, providing broader overview of how experts perceive prosecutable hate
speech and fostering the development of more robust and more culturally aware
models.

As part of future work is exploring the impact of different definitions of hate
speech, Chapter [6|introduced HateDefCon, a comprehensive dataset dedicated to
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hate speech definitions. HateDefCon provides detailed annotations for compo-
nents such as the target, intent/purpose, and act/means associated with hate speech
instances, enabling a comparative analysis of hate speech definitions. The analy-
sis of HateDefCon revealed significant gaps in cultural diversity within existing
definitions. Most definitions were either in English, translated from English, or
ambiguous regarding their cultural origins, as platforms often tied definitions to
a language rather than a specific culture. Legislative sources were the only ones
explicitly linked to particular countries or cultural contexts. The components of
hate speech definitions showed significant variation, even in contexts, such as
with Levantine Arabic, where one language spans multiple cultural backgrounds.
The model experiments demonstrated that definitions significantly influence the
performance of LLMs. In many cases, more comprehensive definitions led to better
performance. This finding underscores two critical considerations for hate speech
detection research:

* Definitions incorporated into annotation guidelines or prompts must be
tailored to the specific task, with clear indications of whether a general or
comprehensive definition is required. Furthermore, model selection should
align with the definition type, as some models perform better with general
definitions while others perform better with more detailed ones.

* Definitions must be aligned with the language and culture of the target
dataset. This could involve referencing hate speech legislation to clarify
what constitutes hate speech within a given cultural context. Where cultural
specificity is not applicable, it should be explicitly stated that no specific
culture is considered.

Future work could develop a community-driven knowledge base of hate speech
definitions. This resource will support research across a broader range of cultures
and domains, simultaneously addressing emerging challenges.

Chapter [7] addressed several challenges involved in creating a parallel hate
speech corpus. Specifically, I used machine translation to translate English tweets
into Greek and Italian, followed by backtranslation combined with translation
metrics to evaluate the quality of the translations. I also conducted tests to assess
changes in toxicity levels in the translated texts and performed a qualitative analysis
on a sample of the instances used. The findings indicate that while machine
translation can adequately preserve the intended meaning of sentences, it often
introduces grammatical and syntactical errors, making many translations unsuitable
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for inclusion in a parallel corpus. Only a small number of examples successfully
retained both the original meaning and toxicity levels without grammatical or
syntactical issues, highlighting the need for further refinement of the pipeline.
Future work can focus expanding the experiments with a broader range of languages
and incorporate English as a target language to investigate whether the observed
decrease in toxicity levels is consistent across other cases.

Chapter [8]of this thesis examined bias stemming from textual aspects of harmful
language. This study analyzed various text features—such as inferred demographic
information, emotions, and the author’s communication style—to investigate their
impact on the annotation of harmful language, specifically toxicity and hate speech.
The findings suggest that these aspects influence how annotators perceive and label
such content, potentially introducing biases that could adversely affect both corpus
creation and Al model development. The study revealed that demographic features
inferred from the text, such as the author’s age and gender, were correlated with
annotators’ perceptions. Age, in particular, exhibited a strong association with
annotation differences. Emotional content also played a significant role: most
of Ekman’s emotions were negatively correlated with toxicity, except for fear
and disgust, which, along with negative sentiment, were positively associated.
This suggests that annotators may be more likely to label a text as toxic or hate
speech if it conveys negative emotions or sentiment. Regarding communication
style, fact-oriented texts showed a negative correlation with toxicity labels in both
datasets, whereas most other communication styles were positively correlated.
Future research should aim to improve data collection processes by considering
additional textual variables, alongside annotator demographics, to mitigate bias
and encourage the development of more accurate models.

In summary, the practical outcomes of this thesis include two re-annotated
datasets: one annotated with the definition of hate speech and other related defini-
tions by crowd-source workers, and one annotated for prosecutable hate speech by
legal experts. In addition, the first dataset of hate speech definitions accompanied
by an annotation framework designed for cross-domain and cross-cultural com-
parisons is introduced, as well as a parallel multilingual hate speech dataset along
with its creation pipeline. The thesis also provides an analysis of textual aspects,
focusing on how annotators perceive them and how these perceptions influence
the annotation process. It is hoped that these contributions will inspire further
research. The provided resources are intended to be a foundation for future efforts,
encouraging the community to refine and experiment with them.
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Appendix A

Annotation Instructions and
Interface

Figures [A.T] and [A.2] of this Appendix present the instructions (only for toxi-
city shown) and the interface the annotators were provided with during their
re-annotation tasks.

Instructions

1—
=
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&
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<>

Task Description

The purpose of this task is to examine existing terms and definitions of ‘toxicity’ and establish a set of universal annotation guidelines that will be
effective across different datasets.

Steps

For the purposes of this task, we would like you to read carefully the following definition and examples, and decide whether each text provided
for this task is toxic or nontoxic. Please use 'YES' for toxic and 'NO' for nontoxic.

Definition

Toxic language is defined as “a rude, disrespectful, or unreasonable comment that is likely to make you leave a discussion”.

Figure A.1: Re-annotation instructions, using the term and definition of Toxicity.
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Content

DATA | {{Text]}

Please read the following text carefully:
"Tell Shri Shri to give aome spiritually to the terrorists, like he said it needs for Farmers”

QUESTION | Pulldown Menu

Is the text you read toxic?

Figure A.2: Interface for re-annotation.



Appendix B

Laws, Prompts, and Further Scores

B.1 Laws

In this appendix we reproduce the articles that describe prosecutable hate speech
in the three countries .

B.1.1 Greece

Law No 927/1797 on Punishing Acts or Activities aimed at Racial Discrimination.

Article 1: Incitement to violence or hatred.

(1) “Anyone, who publicly incites, provokes, or stirs up, either orally or through
the press, the Internet, or any other means, acts of violence or hatred against a
person or group of persons or a member of such a group defined by reference to
race, color, religion, descent or national or ethnic origin, sexual orientation, gender
identity, or disability, in a manner that endangers the public order and exposes the
life, physical integrity, and freedom of persons defined above to danger, will be
punished by imprisonment of from three months to three years and a fine of Euros
5,000 to 20,000.

(2) Anyone, who publicly incites, provokes, or stirs, either orally or through the
press, the Internet, or any other means, acts of destruction against the assets of a
person or group of persons defined by reference to race, color, religion, descent
or national or ethnic origin, sexual orientation, gender identity, or disability, in a
manner that endangers the public order and exposes the life, physical integrity, and
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freedom of persons defined above to danger, will be punished by imprisonment of
from three months to three years and a fine of Euros 5,000 to 20,000.

B.1.2 Italy

Criminal code. Article 604 bis: Propaganda and incitement to commit crimes for
reasons of racial, ethnic and religious discrimination.

I. Unless the fact constitutes a more serious offence, the following are punished:
a) with imprisonment of up to one year and six months or with a fine of up to
6,000 euros for propaganda based on ideas of superiority or ideas of racial or ethnic
hatred, or propaganda which instigates to commit or commits acts of discrimination
on the grounds of racial, ethnic, national or religious grounds; b) Imprisonment
of six months to four years for a person who in any way, instigates to commit or
commits violence or acts of provocation to violence for racial, ethnic, national or
religious reasons.

Law 654/1975 on the Ratification and Execution of the International Convention
on the Elimination of All Forms of Racial Discrimination:

Article 3: 1. Unless the fact constitutes a more serious offence, the following
are punished: a) with imprisonment of up to one year and six months or with a
fine of up to 6,000 euros for propaganda based on ideas of superiority or ideas of
racial or ethnic hatred, or propaganda which instigates to commit or commits acts
of discrimination on the grounds of racial, ethnic, national or religious grounds; b)
Imprisonment of six months to four years for a person who in any way, instigates
to commit or commits violence or acts of provocation to violence for racial, ethnic,
national or religious. Law 167/2017: Full Implementation of EU Framework
Decision 2008/913/HAD This law, amongst others modifies Law 654/1975: The
main relevant Italian Law is Law 205/1993 which makes it a crime to “propagate
ideas based on racial superiority or racial or ethnic hatred, or to instigate to commit
or commit acts of discrimination for racial, ethnic, national or religious motives.”
The law also punishes those who “instigate in any way or commit violence or acts
of provocation to violence for racist, ethnic, national or religious motives.”

B.1.3 UK

Public Order Act 1986 Part III Racial Hatred
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Acts intended or likely to stir up racial hatred Section 18 Use of words or
behaviour or display of written material. (1) A person who uses threatening,
abusive or insulting words or behaviour, or displays any written material which is
threatening, abusive or insulting, is guilty of an offence if— (a)he intends thereby
to stir up racial hatred, or (b)having regard to all the circumstances racial hatred is
likely to be stirred up thereby. (2) An offence under this section may be committed
in a public or a private place, except that no offence is committed where the words
or behaviour are used, or the written material is displayed, by a person inside
a dwelling and are not heard or seen except by other persons in that or another
dwelling. (4) In proceedings for an offence under this section it is a defence for
the accused to prove that he was inside a dwelling and had no reason to believe
that the words or behaviour used, or the written material displayed, would be heard
or seen by a person outside that or any other dwelling. (5) A person who is not
shown to have intended to stir up racial hatred is not guilty of an offence under
this section if he did not intend his words or behaviour, or the written material, to
be, and was not aware that it might be, threatening, abusive or insulting. (6) This
section does not apply to words or behaviour used, or written material displayed,
solely for the purpose of being included in a programme [included in a programme
service]. Section 19 Publishing or distributing written material. (1)A person who
publishes or distributes written material which is threatening, abusive or insulting is
guilty of an offence if— (a)he intends thereby to stir up racial hatred, or (b)having
regard to all the circumstances racial hatred is likely to be stirred up thereby. (2) In
proceedings for an offence under this section it is a defence for an accused who is
not shown to have intended to stir up racial hatred to prove that he was not aware of
the content of the material and did not suspect, and had no reason to suspect, that it
was threatening, abusive or insulting. (3) References in this Part to the publication
or distribution of written material are to its publication or distribution to the public
or a section of the public. Section 20 Public performance of play. (1) If a public
performance of a play is given which involves the use of threatening, abusive or
insulting words or behaviour, any person who presents or directs the performance is
guilty of an offence if— (a)he intends thereby to stir up racial hatred, or (b)having
regard to all the circumstances (and, in particular, taking the performance as a
whole) racial hatred is likely to be stirred up thereby. (2) If a person presenting or
directing the performance is not shown to have intended to stir up racial hatred, it is
a defence for him to prove— (a) that he did not know and had no reason to suspect
that the performance would involve the use of the offending words or behaviour,
or (b) that he did not know and had no reason to suspect that the offending words
or behaviour were threatening, abusive or insulting, or (c) that he did not know
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and had no reason to suspect that the circumstances in which the performance
would be given would be such that racial hatred would be likely to be stirred up.
(3) This section does not apply to a performance given solely or primarily for one
or more of the following purposes— (a) rehearsal, (b) making a recording of the
performance, or (c) enabling the performance to be [included in a programme
service]; but if it is proved that the performance was attended by persons other than
those directly connected with the giving of the performance or the doing in relation
to it of the things mentioned in paragraph (b) or (c¢), the performance shall, unless
the contrary is shown, be taken not to have been given solely or primarily for the
purposes mentioned above. (4) For the purposes of this section— (a)a person shall
not be treated as presenting a performance of a play by reason only of his taking
part in it as a performer, (b) a person taking part as a performer in a performance
directed by another shall be treated as a person who directed the performance if
without reasonable excuse he performs otherwise than in accordance with that
person’s direction, and (c) a person shall be taken to have directed a performance of
a play given under his direction notwithstanding that he was not present during the
performance; and a person shall not be treated as aiding or abetting the commission
of an offence under this section by reason only of his taking part in a performance
as a performer. (5) In this section “play” and “public performance” have the same
meaning as in the Theatres Act 1968. (6) The following provisions of the Theatres
Act 1968 apply in relation to an offence under this section as they apply to an
offence under section 2 of that Act— section 9 (script as evidence of what was
performed), section 10 (power to make copies of script), section 15 (powers of
entry and inspection). Section 21 Distributing, showing or playing a recording.
(1) A person who distributes, or shows or plays, a recording of visual images or
sounds which are threatening, abusive or insulting is guilty of an offence if— (a) he
intends thereby to stir up racial hatred, or (b) having regard to all the circumstances
racial hatred is likely to be stirred up thereby. (2) In this Part “recording” means
any record from which visual images or sounds may, by any means, be reproduced;
and references to the distribution, showing or playing of a recording are to its
distribution, showing or playing of a recording are to its distribution, showing
or playing to the public or a section of the public. (3) In proceedings for an
offence under this section it is a defence for an accused who is not shown to have
intended to stir up racial hatred to prove that he was not aware of the content of the
recording and did not suspect, and had no reason to suspect, that it was threatening,
abusive or insulting. (4) This section does not apply to the showing or playing of
a recording solely for the purpose of enabling the recording to be included in a
programme service. Section 22 Broadcasting or including programme in cable
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programme service. (1) If a programme involving threatening, abusive or insulting
visual images or sounds is included in a programme service], each of the persons
mentioned in subsection (2) is guilty of an offence if— (a)he intends thereby to
stir up racial hatred, or (b)having regard to all the circumstances racial hatred
is likely to be stirred up thereby. (2) The persons are— (a)the person providing
the programme service, (b)any person by whom the programme is produced or
directed, and (c)any person by whom offending words or behaviour are used. (3)
If the person providing the service, or a person by whom the programme was
produced or directed, is not shown to have intended to stir up racial hatred, it is a
defence for him to prove that— (a)he did not know and had no reason to suspect
that the programme would involve the offending material, and (b)having regard to
the circumstances in which the programme was [included in a programme service],
it was not reasonably practicable for him to secure the removal of the material. (4)
It is a defence for a person by whom the programme was produced or directed
who is not shown to have intended to stir up racial hatred to prove that he did not
know and had no reason to suspect— (a)that the programme would be [included
in a programme service], or (b)that the circumstances in which the programme
would be so included would be such that racial hatred would be likely to be stirred
up. (5) It is a defence for a person by whom offending words or behaviour were
used and who is not shown to have intended to stir up racial hatred to prove that
he did not know and had no reason to suspect— (a)that a programme involving
the use of the offending material would be [included in a programme service], or
(b)that the circumstances in which a programme involving the use of the offending
material would be so included, or in which a programme . . . so included would
involve the use of the offending material, would be such that racial hatred would
be likely to be stirred up. (6) A person who is not shown to have intended to stir
up racial hatred is not guilty of an offence under this section if he did not know,
and had no reason to suspect, that the offending material was threatening, abusive
or insulting. Racially inflammatory material Section 23 Possession of racially
inflammatory material. (1) A person who has in his possession written material
which is threatening, abusive or insulting, or a recording of visual images or sounds
which are threatening, abusive or insulting, with a view to— (a)in the case of
written material, its being displayed, published, distributed, [or included in a cable
programme service], whether by himself or another, or (b)in the case of a recording,
its being distributed, shown, played, [or included in a cable programme service],
whether by himself or another, is guilty of an offence if he intends racial hatred
to be stirred up thereby or, having regard to all the circumstances, racial hatred
is likely to be stirred up thereby. (2) For this purpose regard shall be had to such
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display, publication, distribution, showing, playing, [or inclusion in a programme
service] as he has, or it may reasonably be inferred that he has, in view. (3) In
proceedings for an offence under this section it is a defence for an accused who
is not shown to have intended to stir up racial hatred to prove that he was not
aware of the content of the written material or recording and did not suspect, and
had no reason to suspect, that it was threatening, abusive or insulting. Part 3A
Hatred against persons on religious grounds Acts intended to stir up religious
hatred Section 29B: Use of words or behaviour or display of written material (1) A
person who uses threatening words or behaviour, or displays any written material
which is threatening, is guilty of an offence if he intends thereby to stir up religious
hatred. (2) An offence under this section may be committed in a public or a private
place, except that no offence is committed where the words or behaviour are used,
or the written material is displayed, by a person inside a dwelling and are not heard
or seen except by other persons in that or another dwelling. (3) A constable may
arrest without warrant anyone he reasonably suspects is committing an offence
under this section. (4) In proceedings for an offence under this section it is a
defence for the accused to prove that he was inside a dwelling and had no reason
to believe that the words or behaviour used, or the written material displayed,
would be heard or seen by a person outside that or any other dwelling. (5) This
section does not apply to words or behaviour used, or written material displayed,
solely for the purpose of being included in a programme service. 29C Publishing
or distributing written material (1) A person who publishes or distributes written
material which is threatening is guilty of an offence if he intends thereby to stir
up religious hatred. (2) References in this Part to the publication or distribution of
written material are to its publication or distribution to the public or a section of
the public. Section 29D: Public performance of play (1) If a public performance
of a play is given which involves the use of threatening words or behaviour, any
person who presents or directs the performance is guilty of an offence if he intends
thereby to stir up religious hatred. (2) This section does not apply to a performance
given solely or primarily for one or more of the following purposes— (a)rehearsal,
(b)making a recording of the performance, or (c)enabling the performance to be
included in a programme service; but if it is proved that the performance was
attended by persons other than those directly connected with the giving of the
performance or the doing in relation to it of the things mentioned in paragraph
(b) or (c), the performance shall, unless the contrary is shown, be taken not to
have been given solely or primarily for the purpose mentioned above. (3) For
the purposes of this section— (a)a person shall not be treated as presenting a
performance of a play by reason only of his taking part in it as a performer, (b)a
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person taking part as a performer in a performance directed by another shall be
treated as a person who directed the performance if without reasonable excuse he
performs otherwise than in accordance with that person’s direction, and (c)a person
shall be taken to have directed a performance of a play given under his direction
notwithstanding that he was not present during the performance; and a person shall
not be treated as aiding or abetting the commission of an offence under this section
by reason only of his taking part in a performance as a performer. (4) In this section
“play” and “public performance” have the same meaning as in the Theatres Act
1968. (5) The following provisions of the Theatres Act 1968 apply in relation to
an offence under this section as they apply to an offence under section 2 of that
Act— section 9 (script as evidence of what was performed), section 10 (power
to make copies of script), section 15 (powers of entry and inspection). Section
29E Distributing, showing or playing a recording (1) A person who distributes, or
shows or plays, a recording of visual images or sounds which are threatening is
guilty of an offence if he intends thereby to stir up religious hatred. (2) In this Part
“recording” means any record from which visual images or sounds may, by any
means, be reproduced; and references to the distribution, showing or playing of a
recording are to its distribution, showing or playing to the public or a section of the
public. (3) This section does not apply to the showing or playing of a recording
solely for the purpose of enabling the recording to be included in a programme
service. Section 29F Broadcasting or including programme in programme service
(1) If a programme involving threatening visual images or sounds is included in a
programme service, each of the persons mentioned in subsection (2) is guilty of an
offence if he intends thereby to stir up religious hatred. (2) The persons are— (a)the
person providing the programme service, (b)any person by whom the programme
is produced or directed, and (c)any person by whom offending words or behaviour
are used. Inflammatory material Section 29G Possession of inflammatory material
(1) A person who has in his possession written material which is threatening, or a
recording of visual images or sounds which are threatening, with a view to— (a)in
the case of written material, its being displayed, published, distributed, or included
in a programme service whether by himself or another, or (b)in the case of a
recording, its being distributed, shown, played, or included in a programme service,
whether by himself or another, is guilty of an offence if he intends religious hatred
to be stirred up thereby. (2) For this purpose regard shall be had to such display,
publication, distribution, showing, playing, or inclusion in a programme service as
he has, or it may reasonably be inferred that he has, in view. Section 29H: Powers
of entry and search (1) If in England and Wales a justice of the peace is satisfied
by information on oath laid by a constable that there are reasonable grounds
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for suspecting that a person has possession of written material or a recording
in contravention of section 29G, the justice may issue a warrant under his hand
authorising any constable to enter and search the premises where it is suspected the
material or recording is situated. (2) If in Scotland a sheriff or justice of the peace
is satisfied by evidence on oath that there are reasonable grounds for suspecting
that a person has possession of written material or a recording in contravention of
section 29G, the sheriff or justice may issue a warrant authorising any constable
to enter and search the premises where it is suspected the material or recording is
situated. (3) A constable entering or searching premises in pursuance of a warrant
issued under this section may use reasonable force if necessary. (4) In this section
“premises” means any place and, in particular, includes— (a)any vehicle, vessel,
aircraft or hovercraft, (b)any offshore installation as defined in section 12 of the
Mineral Workings (Offshore Installations) Act 1971, and (c)any tent or movable
structure. Section 291: Power to order forfeiture (1) A court by or before which a
person is convicted of— (a)an offence under section 29B relating to the display of
written material, or (b)an offence under section 29C, 29E or 29G, shall order to be
forfeited any written material or recording produced to the court and shown to its
satisfaction to be written material or a recording to which the offence relates. (2)
An order made under this section shall not take effect— (a)in the case of an order
made in proceedings in England and Wales, until the expiry of the ordinary time
within which an appeal may be instituted or, where an appeal is duly instituted, until
it is finally decided or abandoned; (b)in the case of an order made in proceedings
in Scotland, until the expiration of the time within which, by virtue of any statute,
an appeal may be instituted or, where such an appeal is duly instituted, until the
appeal is finally decided or abandoned. (3) For the purposes of subsection (2)(a)—
(a)an application for a case stated or for leave to appeal shall be treated as the
institution of an appeal, and (b)where a decision on appeal is subject to a further
appeal, the appeal is not finally determined until the expiry of the ordinary time
within which a further appeal may be instituted or, where a further appeal is duly
instituted, until the further appeal is finally decided or abandoned. (4) For the
purposes of subsection (2)(b) the lodging of an application for a stated case or note
of appeal against sentence shall be treated as the institution of an appeal. Section
29] Protection of freedom of expression Nothing in this Part shall be read or given
effect in a way which prohibits or restricts discussion, criticism or expressions of
antipathy, dislike, ridicule, insult or abuse of particular religions or the beliefs or
practices of their adherents, or of any other belief system or the beliefs or practices
of its adherents, or proselytising or urging adherents of a different religion or belief
system to cease practising their religion or belief system.
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B.2 Annotation Guidelines

The guidelines provided for the annotation are reproduced next.

Hate speech laws annotation

You are asked to annotate 100 instances according to 3 different hate speech laws. Please
find the sentences in the separate excel file. All of these sentences are originally annotated
as hate speech; however, we want to know how many of these can be prosecutable hate
speech under three different laws: Greek, Italian, UK. The laws are taken from this
website. You can find the laws down below. Your job is to annotate in the designated
column whether an instance is prosecutable hate speech by assigning the value 1 or not
by assigning the value 0. Feel free to use the comments column for any thoughts. If you
have any questions contact. . .

Legal context

id Text Greek Italian UK comments
Id1 Instancel 0 1 1
Id2 Instance2 1 0 1

B.3 Prompts

0-shot_g

Is the following sentence prosecutable hate speech according? Reply with JUST a
number:(0) not prosecutable (1) unlikely prosecutable (2) likely prosecutable (3)
surely prosecutable. [sentence]

0-shot w/Law

Is the following sentence prosecutable hate speech according to the [country name]
law? Reply with JUST a number:(0) not prosecutable (1) unlikely prosecutable (2)
likely prosecutable (3) surely prosecutable. [country law] [sentence]

few-shot & LOOCYV

Is the following sentence prosecutable hate speech according to the examples?
Reply with JUST a number:(0) not prosecutable (1) unlikely prosecutable (2) likely
prosecutable (3) surely prosecutable.[examples][sentence]

few-shot & LOOCYV w/Law

Is the following sentence prosecutable hate speech according to the examples and
the law? Reply with JUST a number:(0) not prosecutable (1) unlikely prosecutable
(2) likely prosecutable (3) surely prosecutable.[law] [examples][sentence]
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Multilabel Error Scores and Multiclass
F1 Scores

HateBERT DehateBERT HateRoBERTa LegalBERT
Country Mic Mac Weight Mic Mac Weight Mic Mac Weight Mic Mac  Weight
Greece 0.69 047 0.66 055 038 0.47 0.58 0.37 0.54 050 0.29 0.46
Italy 0.75 047 0.70 0.64 0.52 0.34 0.69 0.53 0.66 0.64 037 0.60
UK 072 0.53 0.67 0.67 0.37 0.60 0.69 0.45 0.66 0.67 0.37 0.63
Table B.1: F; scores of PLMs.
HateBERT DehateBERT HateRoBERTa LegalBERT
Country Mic Mac Weight Mic Mac Weight Mic Mac Weight Mic Mac  Weight
Greece 032 032 0.19 0.14  0.11 0.12 042 0.24 0.36 0.12  0.08 0.12
Italy 020 0.12 0.20 0.13  0.10 0.11 044 021 0.40 0.13  0.07 0.08
UK 024 0.15 0.27 0.17  0.11 0.18 0.59 0.19 0.44 0.11  0.06 0.08
Table B.2: F; scores of PLMs per class when trained on the silver labels.
0-shot 0-shot w/Law LOOCY few-shot LOOCY few-shot w/Law
Country Mic Mac Weight Mic Mac Weight | Mic Mac Weight Mic Mac Weight
Greece 026 026 024 037 028 034 |052 031 058 053 035 0.57
Italy 025 024 024 037 029 031 |[059 028 070 056 0.27 0.64
UK 023 020 021 021 018 0.19 |061 030 069 0.55 037 0.56

Table B.3: F; scores per class for Qwen2 for 0-shot and LOOCYV settings.
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0-shot 0-shot w/Law LOOCY few-shot LOOCYV few-shot w/Law
Country Mic Mac Weight Mic Mac Weight ‘ Mic Mac Weight Mic Mac Weight
Greece 024 022 024 0.16 015 013 |031 024 031 024 0.16 0.26
Italy 0.13 0.13 013 016 013 017 |[037 032 032 033 0.29 0.30
UK 020 021 018 028 022 026 |035 033 032 032 030 0.30

Table B.4: F; scores per class for Llama3 for 0-shot and LOOCYV settings.

4-shot 8-shot 12-shot
Country Mic Mac Weight Mic Mac Weight Mic Mac  Weight
Greece 037 0.29 0.36 041 0.25 0.45 039 0.32 0.43
Italy 041 0.30 0.39 046 0.33 0.45 0.59 040 0.62
UK 0.47 0.36 0.43 0.48 0.22 0.51 0.52  0.34 0.54

Table B.5: F; scores of Qwen2 in the few-shot setting without law.

4-shot 8-shot 12-shot
Country Mic Mac Weight Mic Mac Weight Mic Mac Weight
Greece 035 027 031 030 026 026 034 029 032
Italy 033 027 030 028 022 024 028 021 026
UK 041 035 039 032 031 034 034 030 029

Table B.6: F; scores of Llama3 in the few-shot setting without law.

4-shot 8-shot 12-shot
Country Mic Mac Weight Mic Mac Weight Mic Mac Weight
Greece 042 033 041 041 034 044 038 029 039
Italy 059 039 056 053 037 053 058 045 0.58
UK 045 035 040 042 028 037 051 037 048

Table B.7: F; scores of Qwen2 in the few-shot setting with law.

4-shot 8-shot 12-shot
Country Mic Mac Weight Mic Mac Weight Mic Mac Weight
Greece 0.29 0.26 0.26 0.34 0.31 0.31 026 0.25 0.26
Italy 0.33 0.25 0.30 0.30 0.28 0.28 0.34 0.30 0.30
UK 0.37 0.32 0.36 0.32 0.27 0.29 0.29 0.25 0.30

Table B.8: F; scores of Llama3 in the few-shot setting with law.
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HateRoBERTa (UK)

Figure B.3: HateRoBERTa confusion matrix.

LegalBERT (GR)

°
37 9 2 0
g
< 30
fad 25
T 16 12 4 0
g

20
s s
R 9 1 0
E

-10
o
3.1 1 2 0 -5
g

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Figure

GR
16
14
12
] 0 6
10

7

o
o

Actual 2

ActL‘laI 3
=}
®
-
w

Predicted 0 Predicted 1 Predicted 2 Predicted 3

LegalBERT (IT)

° 50
i s 2 1 1
<

a0
-
. 8 4 4 1
z 30
o
5. 4 6 6 0 L2
<
o “10
5.0 0 9 0
<

. . . . -0
Predicted 0 Predicted 1 Predicted 2 Predicted 3

;
[
©
o

~
T
2

S
<

ActL‘lal 3
o
=
IS
IS

i . . . -00
Predicted 0 Predicted 1 Predicted 2 Predicted 3

B.4: LegalBERT confusion matrix.

° 50
B s 1 3 1
g
<
40
~
T 4 2 5 0
g
< 30
~
s
36 3 12 1 20
g
<
« -10
R 0 3 1
<
. . . . -0
Predicted 0 Predicted 1 Predicted 2 Predicted 3
LegalBERT (UK)
° 50
3 0 6 0
g
<
0
~
3 4 1 5 1
< 30
~
3- 6 3 13 0 20
g
<
~ -10
31 0 7 0
<
, . . , -0
Predicted 0 Predicted 1 Predicted 2 Predicted 3
UK
16
17 17 16
14
12
-
31 1 6 3
< 10
8
o
S- 1 1, 10 10
2 -6
<
-4
m
30 1 4 3 .
g
<

Predicted 0 Predicted 1

Predicted 2 Predicted 3

Figure B.5: Qwen2 0-shot w/o Law confusion matrix.



192 APPENDIX B. LAWS, PROMPTS, AND FURTHER SCORES

GR

T UK
° ° 25 ° 25
3 28 1 6 13 2 3 27 12 3 16 54 9 12 11 27
< < <
w
- - -
3-8 2 10 12 3.3 2 5 7 I3 ] 4 4
< 1 < 15 < 15
o o o
5.1 0 5 10 o 532 0 5 9 o 52 1 7 12 10
g g g
n s f* - >
50 0 2 2 -0 0 6 3 -0 1 2 5
2 2 E
Predléted 0 Predl(‘ted 1 Pred\(‘led 2 Pred\(‘lsd 3 B Predl(‘ted 0 Predl(‘ted 1 Predl(‘ted 2 Pred\(‘led 3 - Pred\(‘ted 0 Predl(‘ted 1 Predl(‘ted 2 Predl(‘ted 3 N
Figure B.6: Qwen2 0-shot w/ Law confusion matrix.
GR T UK
° ® e °
S ] 5 1 0 EE 56 1 1 0 EEEE 56 1 1 1 20
< 35 < <
- - -
519 6 6 1 Z 13 0 2 2 9 0 2 0
g 25 g K}
30 30
o o o
- 1 4 0 |, 7018 0 1 2 o 37 14 2 4 2 |
g g g
-10
fl ~ -10 al -10
5.3 0 1 0 s ER 0 0 2 s 1 1 1
< < <
Predléted 0 Predic‘ted 1 Pred\c‘ted 2 Predwc‘ted 3 - Predlc‘ted 0 Predléted 1 Predic‘ted 2 Pred\c‘ted 3 - Predm‘ted 0 Predic‘ted 1 Predléted 2 Predic‘ted 3 -
Figure B.7: Qwen2 LOOCV w/o Law confusion matrix.
GR T UK
° ° ® e "
EE 30 7 1 1 R 53 0 3 2 5 6 5 4
g < < 35
30 a0
- - - 20
5117 6 9 0 T 12 0 2 3 . s 2 2 2
< < 30 < 25
-20
- 20
o o o
R 3 8 1 S 3.1 2 1 2 ‘0 3410 0 7 5
< < <
e -10
i d f» =
5.2 0 2 0 -5 5.3 2 2 2 . s 1 0 2 5
< < <

Predicted 0 Predicted 1 Predicted 2 Predicted 3 Predicted 0 Predicted 1 Predicted 2 Predicted 3 Predicted 0 Predicted 1 Predicted 2 Predicted 3

Figure B.8: Qwen2 LOOCYV w/ Law confusion matrix.



B.5. CONFUSION MATRICES

Actual 2 Actual 1 Actual 0

Actual 3

Actual 2 Actual 1 Actual 0

Actual 3

Actual 1 Actual 0

Actual 2

Actual 3

Predicted 0 Predicted 1 Predicted 2 Predicted 3

11

Predicted 0 Predicted 1 Predicted 2 Predicted 3

10

Predicted 0 Predicted 1 Predicted 2 Predicted 3

25

11 3
20
11 6 15
7 3 10
-5

3 1

Figure B.9: Qwen?2 4-shot w/o Law confusion matrix.

GR

30

7 2
25
20

10 8
t1s

6 7
~10
-5

2 2

Figure B.10:

GR

8 2 30
25
5 4
20
Lis
5 4
10
0 0 N

Figure B.11:

Actual 2 Actual 1 Actual 0

Actual 3

Actual 2 Actual 1 Actual 0

Actual 3

Qwen?2 4-shot w/ Law confusion matrix.

Actual 0

Actual 1

Actual 2

Actual 3

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Predicted 0 Predicted 1 Predicted 2 Predicted 3

15

-0

Actual 2 Actual 1 Actual 0

Actual 3

Actual 0

Actual 1

Actual 2

Actual 3

Actual 1 Actual 0

Actual 2

Actual 3

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Predicted 0 Predicted 1 Predicted 2 Predicted 3

13

UK

UK

UK

10

Qwen?2 8-shot w/o Law confusion matrix.

193

12 30
25
0
20
15
10
10
2 -5
-0
30
il
25
20
1
-15
5
-10
-5
3
-0
40
4
35
30
1
25
-20
4
15
-10
0 s



194

GR

°
29 8 8 3 2
g
- 20
EE 18 2 7 5
H

15
o
3 4 0 7 5
S - 10
g
o s
=1 0 0 3
2

Predlétedﬂ Predl(‘tedl Pred\(‘ledZ Pred\(‘ledB B
Figure B.12:
GR

°
R 29 9 8 2 2
g
- 2
I 22 2 5 3
2

15
o
37 1 6 2
g 10
g
o s
32 0 0 2
2

. . . . -0
Predicted 0 Predicted 1 Predicted 2 Predicted 3

Actual 2 Actual 1 Actual 0

Actual 3

Predicted 0 Predicted 1 Predicted 2 Predicted 3

9 1
35
30
8 1
25
L20
3 10
15
-10
2 6 -5

Actual 2 Actual 1 Actual 0

Actual 3

APPENDIX B. LAWS, PROMPTS, AND FURTHER SCORES

UK
EE! 5 17 4 >
2
3 1 4 3
20
s
2 3 6 11
Lo
1 1 4 2 s

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Qwen?2 8-shot w/ Law confusion matrix.

Actual 0

Actual 1

Actual 2

Actual 3

4 2
40
3 2 "
1 3 -20
10

2 4

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Actual 0

Actual 1

Actual 2

Actual 3

Predicted 0 Predicted 1 Predicted 2 Predicted 3

UK
40
43 3 4 9
3
30
7 1 3 0
25
20
13 1 5 3
-15
-10
5 0 0 3 .

Figure B.13: Qwen2 12-shot w/o Law confusion matrix.

GR

°
5 5 11 3 2
g
- 20
£ 16 3 9 4
g

15
o
56 1 4 5
g F10
- -
R 0 1 2
g

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Actual 1 Actual 0

Actual 2

Actual 3

Predicted 0 Predicted 1 Predicted 2 Predicted 3

T
40
7 1
35
30
6 2
25
- 20
5 7
-15
-10
1 7 -5

Actual 1 Actual 0

Actual 2

Actual 3

UK

35

38 10 8 3
30
3 2 5 1 »
2
5 2 8 7 L1s
-10

1 2 2 3

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Figure B.14: Qwen2 12-shot w/ Law confusion matrix.



B.5. CONFUSION MATRICES 195

GR
2
°
.9 2 11 26
2
20
o
-0 3 10 19
g 15
o
.0 1 8 7 -1
g
- -5
3 0 0 0 4
g
Predl(‘tedo Pred\(‘tedl Pred\(‘tedl Predl(‘ted? -
Figure B.15:
GR
°
3. 10 0 10 28 2
g
20
o
T a4 0 5 23
g
15
o
g 1 0 5 10 o
o s
.0 0 3 1
g

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Figure B.16:

°
3 0 2
2
-
= 15
2 1
g
<
~ -10
] 0
2

-5
-
.0 1 3 0
g
<

Predicted 0 Predicted 1 Predicted 2 Predicted 3

T UK
- 5 o -
5. 4 3 14 37 . 8 2 12 37
g 30 g 30
fad 25 had 25
T3 2 5 7 T 2 2 2 5
2 g
20 20
s L1s by L1s
Y 1 2 12 T o 2 5 15
g g
» "
n n
3o 1 3 5 s 3 o 1 2 5 -s
g %
Predléted ) Predl(‘ted 1 Pred\(‘led 2 Pred\(‘led 3 - PrEdI(‘tEd 0 Predléted 1 Predl(‘ted 2 Pred\(‘led 3 0
Llama3 0-shot w/o Law confusion matrix.
T UK
o w o
R 0 9 43 5 IRV 4 16 22 00
g s £ s
- 30 ~ 15.0
) 0 3 12 R 0 2 1
< 2 < 125
-20 -10.0
o ~
T 0 3 12 3. 5 4 6 7
2 ~15 2 L7s
g §
» <o
o "
Y 0 1 7 s 3. 2 0 1 5 ..
g g
-0 -0.0

Predicted 0 Predicted 1 Predicted 2 Predicted 3 Predicted 0 Predicted 1 Predicted 2 Predicted 3

Llama3 0-shot w/ Law confusion matrix.

Actual 2 Actual 1 Actual 0

Actual 3

T
200
p 9 22 5
175
175

UK

20.0

Actual 0

15.0 : 15.0
2 6 7 2 31 4 5 1
125 b 125
-10.0 ~ -10.0
2 2 7 5 5 2 3 11 6
7S £ -15
5o
- -5.0
0 1 6 2 s 301 1 3 3
< -25
-0.0

Predicted 0 Predicted 1 Predicted 2 Predicted 3 Predicted 0 Predicted 1 Predicted 2 Predicted 3

Figure B.17: Llama3 LOOCV w/o Law confusion matrix.



196

Actual 2 Actual 1 Actual 0

Actual 3

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Actual 2 Actual 1 Actual 0

Actual 3

Predicted 0 Predicted 1 Predicted 2 Predicted 3

~

15.0
: -

APPENDIX B. LAWS, PROMPTS, AND FURTHER SCORES

GR

30

33 1
25
25 0 "
s

12 0
-10
4 0 B

Actual 2 Actual 1 Actual 0

Actual 3

T
1

1 3 2 9
1 0 4 9
E 0 1 4

Actual 2 Actual 1 Actual 0

Actual 3

Predicted 0 Predicted 1 Predicted 2 Predicted 3

UK
200
14 5 21 19
175
15.0
125
100

Figure B.18: Llama3 LOOCV w/ Law confusion matrix.

22 8 18 w0
s

GR

20.0

7 5 175

5
10,0
6 5 -75
50
3 0 -25

-0.0

Actual 2 Actual 1 Actual 0

Actual 3

T
21 20
-7 2 8
-2 4 8
L o 3 3

Predicted 0 Predicted 1 Predicted 2 Predicted 3

-0.0

Actual 2 Actual 1 Actual 0

Actual 3

1 2 5
1 6 1
1 1

1

5 ~15
-50

2 -25
-00

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Figure B.19: Llama3 4-shot w/o Law confusion matrix.

=
]
2
S
<

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Figure B.20: Llama3 4-shot w/ Law confusion matrix.

Actual 3

Predicted 0 Predicted 1 Predicted 2 Predicted 3

200

-
T
2

S
<

Actual 2

Actual 3

17 10
4 7
1 8
1 1

Predicted 0 Predicted 1 Predicted 2 Predicted 3

150
1

125

F10.0
2

~75

-5.0
1

-25
9 20

-0



B.5. CONFUSION MATRICES

Actual 2 Actual 1 Actual 0

Actual 3

L)
T
2
<

Actual 2 Actual 1 Actual 0

Actual 3

GR
18
18 8 1
14
12
-5 5 7
10
-8
E o 4 4 7
-6
-4
-1 0 0 3

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Figure B.21:

14

o

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Figure B.22:

: n

200

15.0

o

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Actual 2 Actual 1

Actual 3

T

200
9 15 14 175
150
B 2 8 2 125
100

- 3 4 3 6
-75
-5.0

2 1 3 ]
-25

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Actual 2 Actual 1 Actual 0

Actual 3

197

Llama3 8-shot w/o Law confusion matrix.

Actual 2 Actual 1

Actual 3

9 24 10
20
2 3 10 2 15
10
1 4 7 4
-5
2 0 2 5
-0

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Actual 2 Actual 1 Actual 0

Actual 3

Llama3 8-shot w/ Law confusion matrix.

T

[

200
°
3 20 5 15 18 175
El

150
-
2 10 1 3 3 125
<

100
o
3- 3 2 2 9 ~75
El

50
o
. 3 0 1 5 s
<

-00

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Actual 2 Actual 1 Actual 0

Actual 3

UK
25
25 5 10 19
20
-2 2 6 1 .
- 4 3 6 9 [
-5
-0 0 3 5
" " 0 0 -0
Predicted 0 Predicted 1 Predicted 2 Predicted 3
UK
20.0
17 8 20 14 175
150
4 2 4 1 125
10.0
1 6 10 5 -75
S50
0 0 5 3 25
. . 0 " -0.0
Predicted 0 Predicted 1 Predicted 2 Predicted 3
UK
22 4 18 15 00
175
15.0
2 4 4 1
125
-10.0
4 3 5 10
15
-5.0
1 1 3 3
25

Predicted 0 Predicted 1 Predicted 2 Predicted 3

Figure B.23: Llama3 12-shot w/o Law confusion matrix.



198 APPENDIX B. LAWS, PROMPTS, AND FURTHER SCORES

25 25

Actual 0
©

Actual 0
=
o
=
o

25 8

Actual 1
&

®
Actual 1
N
w
~
w
Actual 1
w
w
w
o

Actual 2

o
° o
Actual 2
-
N
©
S
s
Actual 2
N
o
_
w
-
s

0 0 1 3 25 0 1 6 2

Actu‘al 3
Actual 3
S}
=
o
=

Actual 3

-00

Predicted 0 Predicted 1 Predicted 2 Predicted 3 Predicted 0 Predicted 1 Predicted 2 Predicted 3 Predicted 0 Predicted 1 Predicted 2 Predicted 3

Figure B.24: Llama3 12-shot w/ Law confusion matrix.



Appendix C

More on Semantic Componential
Analysis

C.1 Laws from the Global Handbook on
Hate Speech Laws

We provide the full list of countries included and excluded from HateDefCon.

Included. Afghanistan, Albania, Algeria, Andorra, Angola, Argentina, Arme-
nia, Australia, Austria, Azerbaijan, Belarus, Belgium, Bolivia, Bosnia and Herze-
govina, Botswana, Brazil, Brunei Darussalam, Bulgaria, Cambodia, Cameroon,
Canada, Central African Republic, Chad, Chile, China, Colombia, Croatia, Cuba,
Cyprus, Czech Republic, Democratic Republic of Congo, Denmark, Djibouti,
Estonia, Ethiopia, Fiji, Finland, France, Gabon, Georgia, Germany, Ghana, Greece,
Guinea, Guinea-Bissau, Guyana, Haiti, Hungary, Iceland, India, Indonesia, Iran
(Islamic Republic of), Iraq, Ireland, Italy, Japan, Jordan, Kenya, Kyrgystan, Latvia,
Luxembourg, Myanmar, Malaysia, Malta, Mexico, Moldova, Monaco, Myanmar,
Nepal, Netherlands, New Zealand, Norway, Oman, Pakistan, Sweden, Syrian Arab
Republic, Tanzania, Timor-Leste, Trinidad and Tobago, Tunisia, Turkmenistan,
Uganda, United Arab Emirates, United States of America, Uzbekistan, Venezuela,
Zambia, Poland, Portugal, Romania, Russian Federation, Rwanda, Senegal, Serbia,
Sierra Leone, Singapore, Slovakia, Somalia, South Africa, South Sudan, Spain, Sri
Lanka, Switzerland, Tajikistan, Togo, Turkey, Ukraine, United Kingdom, Uruguay,
Vietnam, Zimbabwe.
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Excluded. Madagascar, Malawi, Maldives, Mali, Marshall Islands, Mauritania,
Mauritius, Micronesia (Federated States of), Mongolia, Montenegro, Morocco,
Mozambique, Namibia, Nauru, Nicaragua, Niger, Nigeria, North Macedonia, Palau,
Panama, Papua New Guinea, Paraguay, Peru, Philippines, Qatar, Republic of Korea,
Saint Kitts and Nevis, Saint Lucia, Saint Vincent and the Grenadines, Samoa, San
Marino, Sao Tome and Principe, Saudi Arabia, Seychelles, Slovenia, Solomon
Islands, Suriname, Thailand, Tonga, Tuvalu, Vanuatu, Yemen.
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C.2 Annotation Guidelines

Read and Understand the Definition.
Carefully read the provided hate speech definition from the source material.
Ensure you understand the context and content before proceeding with annotations.

Identify and Annotate Core Components.

After reading the definition, review all available components listed in each Excel column.
Annotate each component with 1 if the component exists in the definition.

Annotate with O if the component does not exist in the definition.

If a definition is very general, annotate with 1 on the column “General”. If you see words/phrases
like sexism, or sexist behavior, please annotate by putting one in gender.

Undefined Components.
If you detect a component that has not been included in the columns, please use the column
“Undefined Component” to write it down.

Add Comments.
Feel free to add any relevant comments in the comments column.

Note: If a component or a morphological derivative of the component appears in the definition,
mark the respective column with a positive annotation. For instance, if the predefined component
is “abuse” and the component “abusive” is found in the definition, place a positive annotation
(i.e., 1) in the “abuse” column.

Table C.1: HateDefCon annotation guidelines.

Table [C.T|reports annotation guidelines for building HateDefCon via SCA.

C.3 Inter-annotator Agreement for Compo-
nential Annotation

Table [C.2] reports pairwise IAA on HateDefCon.

Annotator Pair Average Kappa
Annotator; vs. Annotatory 0.75
Annotator; vs. Annotators 0.64
Annotators vs. Annotators 0.64

Table C.2: Average Cohen’s Kappa scores per annotator pair
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C.4 Complete Component Hierarchy and
Further Statistics

Table [C.3| reports the fine-grained SCA hierarchy extracted from HateDefCon.
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Framework

Categories

Target

Demographics and Identity

Race/Ethnicity: Race, Ethnicity, Tribe, Color, Nationality, Regional Origin,
Genetic Origin

Nationality/Region: Nationality, Region, Place of Birth, Place of Origin,
Place of Residence, Immigration Status

Religion/Belief: Religion, Belief, Creed, Ideology, Philosophical Opinion,
Philosophical Ideology, Worldview

Gender/Sexual Orientation: Gender, Sexual Orientation, Gender Identity,
Sex Change

Disability: Disability, Physical Condition, Mental Capacity, Health Characteristics,
Ability

Age/Appearance: Age, Appearance, Generation

Social and Economic Roles

Occupation/Profession: Occupation, Profession, Job, Employment, Trade

Union Membership, Calling

Family Status: Family Status, Marital Status, Familial Status, Pregnancy
Citizenship/Legal Status: Citizenship, Legal Status, Immigration, Veteran Status,
Refugees, Nationality

Social and Economic Class

Socioeconomic Status: Economic Status, Social Class, Financial Status, Wealth,
Poverty, Social Origin, Social Strata, Economic/Social Origin

Caste/Tribe: Caste, Tribal Affiliation, Ancestry, Descent

Intent/Purpose

Discrimination and Prejudice

Discrimination: Discrimination, Discriminatory Practices, Exclusion,
Marginalization, Segregation, Denigration

Prejudice: Prejudice, Bias, Stereotyping, Xenophobia, Ethnocentrism, Bigotry,
Contempt, Superiority

Humiliation: Humiliation, Demeaning, Belittling, Degrading, Ridiculing, Mocking,
Stigmatizing, Inferiorizing, Dehumanizing

Hostility and Aggression

Violence: Physical Violence, Aggression, Abuse, Threat, Brutalization, Persecution, Terrorism,
Hostility, Rancor

Hate: Hatred, I11-Will, Animosity, Abhorrence, Detestation, Malice, Anti-Semitism, Racism,
Ethnocentricism

Conflict: Conflict, Discord, Dissension, Sectarianism, Division, Social Unrest,

Civil Unrest, War

Social and Cultural Control

Cultural Control: Cultural Manipulation, Propaganda, Ideological Imposition,

Social Control, Social Hatred, Supremacy, Perpetuation of Norms,

Customs, Traditions, Cultural Values

Exclusion: Exclusion, Social Marginalization, Social Exclusion, Economic Exclusion,
Stigmatization, Alienation, Isolation

Suppression: Suppression, Silencing, Censorship, Restriction, Limitation of Rights,
Deprivation, Harassment

Act/Means

Verbal and Written Expressions

Insults: Insults, Pejoratives, Slurs, Offensive Language, Derogatory Language, Humiliation, Threat
Defamation: Defamation, Slander, Vilification, Disparagement, Discrediting, Ridicule, Mockery
Provocation: Provocation, Incitement, Inflammatory Speech, Sedition, Antagonism, Triggering,
Threats

Misinformation: Misinformation, Disinformation, Propaganda, Deception, Promoting
Xenophobia, Racism, and Bigotry

Physical Actions

Violence: Physical Harm, Assault, Attack, Damage to Property, Brutalization,
Persecution

Exclusion: Exclusion, Segregation, Denial of Rights, Obstructing Rights, Deprivation,
Harassment

Cultural Actions: Desecration, Desecration of Symbols, National Flag Desecration,
Denial of Cultural Identity

Social and Cultural Manipulation

Social Control: Manipulation of Social Norms, Cultural Domination, Supremacy,
Cultural Stereotyping, Perpetuation of Prejudice

Cultural Exclusion: Cultural Alienation, Cultural Stigmatization, Exclusion from
Cultural Activities, Denial of Cultural Identity

Economic Suppression: Economic Marginalization, Social Segregation, Restriction
of Economic Opportunities, Denial of Economic Rights

Table C.3: Hate Speech Framework Hierarchical Structure.
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C.5 Hate Speech Definitions for GHC

Table [C.4] reports the definitions used in our experiments with LLMs on GHC.

No. | Definition

Dgne | Language that intends to — through rhetorical devices and
contextual references — attack the dignity of a group of peo-
ple, either through an incitement to violence, encouragement
of the incitement to violence, or the incitement to hatred.
Dwiri | Hate speech — a term that denotes speech intended to de-
grade, disturb, or cause violence or actions based on prejudice
against persons or groups of people on the basis of their race,
gender, age, ethnicity, nationality, religion, sexual orientation,
gender identity, disability, language ability, moral or political
views, socioeconomic class, occupation or appearance (such
as height, weight, and hair color), mental capacity, and any
other characteristic. The term refers to both written and oral
communication, as well as some forms of behavior in a public
place. Hate speech operates outside the law, speech that of-
fends a particular person or group in terms of discrimination
against that person or group. According to the law, hate speech
is any speech, gesture or behavior, written text, or display that
is prohibited because it is likely to incite violence or prejudice
against or by a protected individual or group, or that degrades
or intimidates a particular individual or group. The law may
recognize the protected individual or group according to cer-
tain characteristics.

Daict | Speech expressing hatred of a particular group of people.

Table C.4: Definitions of Hate Speech. Dy, is the one used to annotate GHC,
Dyiri 1s from Wikipedia, and Dy;.; is from the Meriam Webster Dictionary.

C.6 Definitions for Cross-Cultural Analysis

We select three definitions from our corpus. Table [C.5|shows the prompt and the
definitions used for the experiments.
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Prompt

Read carefully the definition of "hate speech’ provided. Your task is to classify the input text as
containing hate speech or not. You can only rely on the definition provided. Respond only with YES or
NO.

Definition: {definition}
Text: {text}

Answer:

Definitions

D;e,. Hate speech (HS) is formally defined as “any communication that disparages a person or a group
on the basis of some characteristic such as race, color, ethnicity, gender, sexual orientation, nationality,
religion, or other characteristic” Mulki et al.|(2019)

D;s;- In this Article: “racism” — persecution, humiliation, degradation, a display of enmity, hostility or
violence, or causing violence against a public or parts of the population, all because of their colour,
racial affiliation or national ethnic origin. Publication of racist incitement is prohibited Article 144B: (a)
If a person publishes anything in order to incite to racism, then he is liable to five years imprisonment.
(b) For the purposes of this section, it does not matter whether the publication did cause racism, and
whether or not it is true. Article 144C: Permissible publication (a) Publication of a true and fair report
of an act said in section 144B shall not be deemed an offense under that section, on condition that it was
not intended to cause racism. (b) Publication of quotes from religious scriptures or prayer books or the
observance of a religious ritual shall not be deemed an offence under section 144B, on condition that it
was not intended to cause racism. Article 144D: Possession of racist publication If a person holds a
publication prohibited under section 144B for distribution, in order to cause racism, then he is liable to
one-year imprisonment, and the publication shall be confiscated.

Dyyr. Criminal Code Article 306: Any act, piece of writing or speech that is intended to or results in
stirring sectarian or racial strife or inciting conflict between sects and the various elements of the nation
shall be punished by imprisonment of six months to two years and a fine of one hundred to two hundred
Syrian pounds, as well as with prohibition from exercising the rights mentioned in the second and
fourth paragraphs of Article 65. Article 65: Every person sentenced to imprisonment or house arrest in
misdemeanor cases is deprived throughout the execution of his sentence from exercising the following
civil rights: A: The right to assume public employment and services. B: The right to assume jobs and
services in managing the affairs of the civil sect or managing the union to which he belongs. C: The
right to be a voter or elected in all state councils. D: The right to be a voter or elected in all sects and
trade union organizations. E: The right to wear Syrian or foreign medals.

Djor. Criminal Code Section 5: Crimes Harming National Unity and the Coexistence between the
Nation’s Elements Article 150: Any writing or speech aims at or results in stirring sectarian or racial
prejudices or the incitement of conflict between different sects or the nation’s elements, such act shall
be punished by imprisonment for no less than six months and no more than three years and a fine not
to exceed five hundred dinars (JD500). Audiovisual Media Law Article 20(1)(2) prohibits licensed
broadcasters from broadcasting hateful, terrorist, violent or seditious material or from promoting
religious, sectarian or ethnic strife.

Table C.5: Prompt and definitions used in the cross-cultural experiments.
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