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Abstract

Hate speech, particularly in its implicit form, is a pervasive issue in online communication,
necessitating sophisticated detection methods to foster a respectful digital environment.
Unlike explicit hate speech, which is overtly offensive, implicit hate speech is characterized
by covert and ambiguous expressions that are often ironic or euphemistic. Linguistic
features that characterize such forms of hate speech include the use of extreme imagery,
taboo topics, or contradictory comparisons that convey a hostile attitude without using
overtly offensive language.

Despite extensive research, detecting implicit hate speech remains a major challenge
because these subtle linguistic nuances are difficult to discern. Traditional approaches to
automatically detecting implicit hate speech often rely on manually annotated datasets
where linguistic features were labeled by human annotators. Such approaches depend on
accurately annotated training data. However, this dependency is problematic because the
manual annotation process is time-consuming and costly, especially for smaller companies
and organizations.

This thesis proposes an alternative approach by replacing human annotators with
Generative Pre-Trained Transformer (GPT) models, thereby facilitating the extraction
of linguistic features. The goal is to improve the performance of implicit hate speech
classifiers while minimizing dependence on hand-labeled data. The experiments focus on
hate speech in English and specifically use the LLaMA-2, GPT-3.5, and GPT-4 models.

The GPT models were prompted to annotate multiple datasets using zero-shot and
few-shot prompting methods. Specifically, the GPT models were directed to extract the
linguistic features of implicit hate speech from four public datasets. This automatically
annotated data was then used to train supervised machine learning models. To evaluate
the efficiency of this method, the same models were trained on data annotated exclusively
by humans. By comparing the results, it can be determined whether the data extracted
by GPT can match or even exceed the quality of the manually annotated data.

This proposed hybrid approach combines GPT-driven feature extraction with supervised
feature-based machine learning methods, simplifying the often complex process of feature
extraction.

The results of the study showed clear differences in the efficiency of the different
GPT models. The performance of LLaMA-2 was unsatisfactory. In comparison, GPT-3.5
achieved better results but did not surpass the quality of the manually annotated data. The
results of the classifiers trained with features extracted by GPT-4 show an improvement
in detection capabilities compared to classifiers trained on human annotations.

Ultimately, the results indicate that GPT models can be a promising alternative to
manual annotation, especially in the detection of implicit hate speech. The use of such
models can significantly lessen the resource burden of manual annotation. This reduces
the need for extensive manual work, thereby minimizing cost and effort while improving
recognition accuracy.

Given the sensitive nature of this research, it is important to acknowledge the
challenges of working with hostile language. The material analyzed includes



disturbing and toxic content, and the examples provided may be troubling and
potentially offensive to readers. Nevertheless, openly discussing real-world
instances of hate speech is crucial for understanding its mechanisms and
ultimately finding solutions to address it.



Zusammenfassung

Hassrede, insbesondere in ihrer impliziten Form, stellt eine ernsthafte Bedrohung dar
und kann weitreichende negative Auswirkungen auf Einzelpersonen und Gemeinschaften
haben. Im Gegensatz zu expliziter Hassrede, die offen beleidigend ist, zeichnet sich
implizite Hassrede durch versteckte und mehrdeutige Ausdriicke aus, die oft ironisch oder
euphemistisch sind. Linguistische Merkmale, die solche Formen der Hassrede kennzeichnen,
umfassen z.B. die Verwendung extremer bildlicher Sprache, tabuisierter Themen oder
widerspriichlicher Vergleiche, die eine feindselige Haltung vermitteln, ohne offensichtlich
beleidigende Ausdriicke zu nutzen.

Trotz umfangreicher Forschung bleibt die Erkennung impliziter Hassrede eine grofie
Herausforderung, da diese subtilen linguistischen Nuancen schwer zu identifizieren sind.
Herkémmliche Ansétze zur automatisierten Erkennung impliziter Hassrede stiitzen sich
héufig auf manuell annotierte Datensétze, in denen linguistische Merkmale von mensch-
lichen Annotator*innen gekennzeichnet wurden. Solche Ansétze sind auf ausreichend
genau annotierte Trainingsdaten angewiesen. Diese Abhéngigkeit stellt allerdings ein
Problem dar, da der manuelle Annotationsprozess zeitaufwéndig und kostspielig ist,
insbesondere fiir kleinere Unternehmen und Organisationen.

Diese Masterarbeit schligt vor, menschliche Annotator*innen durch generative vor-
trainierte Transformermodelle (GPT) zu ersetzen, um die Effizienz und Genauigkeit von
automatisierten Erkennungsmethoden zu verbessern. Ziel ist es, die Abhéngigkeit von
manuell annotierten Daten zu reduzieren und gleichzeitig die Erkennungsgenauigkeit zu
erh6hen. Die Experimente konzentrieren sich auf Hassrede im Englischen und verwenden
speziell die Modelle LLaMA-2, GPT-3.5 und GPT-4.

Die GPT-Modelle wurden durch Zero-Shot- und Few-Shot-Prompting angewiesen, mehr-
ere Datensétze zu annotieren. Genauer gesagt, wurden die GPT-Modelle dazu angewiesen,
die linguistischen Merkmale impliziter Hassrede aus drei 6ffentlichen Datensétzen zu ex-
trahieren. Diese automatisch annotierten Daten wurden dann zum Trainieren maschineller
Lernmodelle verwendet. Um die Effizienz dieser Methode zu evaluieren, wurden dieselben
Modelle mit Daten trainiert, die ausschliefslich von Menschen annotiert wurden. Der
Vergleich der Ergebnisse erlaubt es festzustellen, ob die von GPT extrahierten Daten die
Qualitét der manuell annotierten Daten erreichen oder sogar iibertreffen konnen.

Die Ergebnisse der Untersuchung zeigten deutliche Unterschiede in der Effizienz der
verschiedenen Modelle. Die Leistung von LLaMA-2 war nicht zufriedenstellend. Im
Vergleich dazu erzielte GPT-3.5 bessere Ergebnisse, die jedoch die Qualitidt der menschlich
annotierten Daten nicht ibertrafen. Hervorzuheben sind die Resultate von GPT-4, dessen
generierte Annotationen zu einer signifikanten Verbesserung der Trainingsmodelle fiihrten.

Schlieklich zeigen die Ergebnisse, dass GPT-Modelle eine vielversprechende Alternative
zur manuellen Annotation darstellen konnen, insbesondere in der Erkennung impliziter
Hassrede. Der Einsatz solcher Modelle kann die Ressourcenbelastung durch manuelle
Annotationen erheblich verringern. Dies reduziert die Notwendigkeit fiir umfangreiche
manuelle Arbeiten, was Kosten und Aufwand minimiert und gleichzeitig die Erkennungs-
genauigkeit verbessert.
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1. Introduction

Hate speech, characterized by its targeting of individuals or groups based on protected
characteristics such as sexual orientation, ethnicity, gender, or religion, inflicts not only
emotional and physical harm but also perpetuates derogatory stereotypes (Brown) 2017a)).
Consequently, hate speech fosters an environment of discrimination, hostility, and societal
division (Delgadol [1982; Matsuda, 1989). This is particularly concerning because the
advent of computer-mediated communication has greatly increased the visibility and
spread of discourse that was previously confined to private or marginal public spaces
(Knoblock|, |2022)). Indeed, the evolving landscape of online communication presents a
significant challenge in identifying nuanced forms of hate speech.

Whether hate speech should be banned or not is beyond the scope of this thesis.
Nevertheless, the application of Natural Language Processing (NLP) methods to monitor
hate speech presents a valuable tool for understanding and addressing its impact within
democratic frameworks. After all, hate speech has been identified as a precursor to various
violent acts and adverse mental health outcomes. Mullen and Smyth’s (2004)) study found
a significant correlation between the suicide rates among ethnic immigrant groups in the
U.S. and the negativity of the racial slurs directed at them. Specifically, the research
indicated that groups subjected to more negative and complex forms of hate speech
exhibited higher suicide rates. Similarly, |Miller and Schwarz/s (2017) findings suggest
that social media can aid in the spread of extreme views, which in turn can lead to violent
actions. They demonstrate that increased anti-refugee sentiment expressed on Facebook
(now Meta) is correlated with a higher incidence of crimes against refugees in municipalities
that exhibit higher levels of social media usage, in contrast to similar municipalities with
lower social media usage. Automated tools could provide a scalable and efficient means to
monitor and manage the vast amounts of online communication, potentially identifying
and mitigating hate speech before it escalates into real-world violence and adverse mental
health outcomes.

However, current research predominantly focuses on explicit hate speech, yet the subtler
manifestations of implicit hate speech remain a substantial concern (van Aken et al., [2018;
Wiegand et al., [2019] 2021b)). Implicitly offensive language is characterized by its veiled
nature, requiring a more sophisticated approach for identification. In this thesis, explicit
and implicit hate speech are distinguished in the following manner. Explicit instances,
such as those shown in Example , involve overtly offensive language targeting a specific
group. In contrast, implicit cases, like those in Example , entail subtler expressions
that convey hostility without using explicit discriminatory language (Wiegand et al.; 2022,
5600-5601).

(1) “Go lick a pig, you Arab Muslim piece of scum.”

(2) “Jews succumb to cultural degeneracy.”

Automated detection of implicit hate speech is more challenging than identifying
explicit instances because it requires classifiers to go beyond simple keyword detection
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and recognize complex, subtle linguistic patterns. This challenge highlights a broader
issue in supervised learning, which is the dependence on well-annotated data for effective
model training (Plaza-del arco et al., [2023)). Supervised learning relies on having enough
accurately annotated training data, and the annotation process can be costly, especially
for smaller companies and organizations, as indicated by Ding et al| (2022). These costs
include labor for data tagging, hiring and training annotators, and expenses related to
annotation tools and infrastructure. Smaller entities may lack the resources to produce
sufficient training data, hindering their ability to use advanced modeling techniques.
Although pre-trained language models like Bidirectional Encoder Representations from
Transformers (BERT) (Devlin et al., 2019), XLNet (Yang et all [2019)), and Robustly
Optimized BERT Pre-training Approach (RoBERTa) (Liu et al., 2019) alleviate some of
the data requirements, Ding et al.| (2022)) stress that data annotation remains a crucial and
inevitable challenge for supervised model training. Generative Pre-trained Transformers
(GPT) have the potential to be a promising alternative to human annotators. They can
generate text that closely mimics human language and perform various NLP tasks, such
as translating languages, creating summaries, and answering questions (Ding et al.| 2022).

This leads to the central research question of this master’s thesis. How effectively can
GPT models extract linguistic features of implicit hate speech in English? How can those
predictions contribute to the automated detection of implicit hate speech?

First, the effectiveness of the GPT models LLaMA-2 (Touvron et al., 2023), GPT-3.5
(Brown et al., 2020al), and GPT-4 (OpenAl et al.| 2023)) in directly recognizing implicit
hate speech was evaluated. For this purpose, four datasets were selected: Identity Groups
(Wiegand et al., 2022)), Euphemistic Abuse (Wiegand et al., 2023)), Comparisons (Wiegand
et al., 2021a), and ISHate (Ocampo et al., 2023). Using both zero-shot and few-shot
prompting approaches, the GPT models were instructed to classify sentences as either
implicitly abusive language or benign utterances. Following this, the focus shifted to the
automated extraction of linguistic features of implicit hate speech using GPT models.
Despite its subtle nature, implicit hate speech has identifiable characteristics that render it
amenable to automated detection. Typically, these characteristics or linguistic features are
manually extracted by human annotators (Mollas et al., [2020; |Founta et al., [2018). The
aim of this thesis was to test if GPT models could extract these linguistic features as well.
To evaluate the quality of the extracted features, macro-averaged F1 scores were analyzed.
Additionally, logistic regression models were trained on these automatically extracted
features and compared with models trained on manually extracted features. This process
was also applied to a basic rule-based classifier. Results from the GPT-generated features
were compared with those from a rule-based classifier using manually generated features.

The findings indicate that LLaMA-2 exhibited poor performance in detecting implicit
hate speech. In comparison, GPT-3.5 achieved better results but still struggled with
recognizing implicitly abusive language and did not improve with few-shot prompting.
Conversely, GPT-4 demonstrated strong capabilities in zero-shot detection and showed
further improvement with few-shot learning. The logistic regression models showed im-
proved performance when incorporating linguistic features extracted by GPT-4, compared
to identical models trained on manually extracted features, as indicated by the evaluation
scores. Similarly, the rule-based classifier demonstrated performance improvements when
using features that were extracted automatically by GPT models, rather than relying on
manually extracted features. These findings suggest that GPT-4, in particular, offers a
viable alternative to human annotators.

Following this introduction, Chapter [2| examines the definitions, impacts, and debates



surrounding hate speech, providing a contextual foundation. Chapter (3| discusses the
technical scope, including neural language models and existing methods for hate speech
detection. Chapter 4| reviews related work, highlighting advancements in Large Language
Models (LLM) for hate speech detection. Chapter [5| details the method, focusing on data
collection, model training, and feature extraction using GPT models. Chapter [0] presents
the results of the experiments, showcasing the performance of the proposed hybrid models.
Chapter [7] offers a discussion on the findings, limitations, and ethical considerations.
Finally, Chapter [§| concludes the thesis, summarizing the key contributions and suggesting
directions for future research. The code for the presented experiments is available at
https:/ /bit.ly /implicit-hate-speech-detection-and-feature-extraction-using-gpt-models.


https://github.com/JuliaPardatscher/Implicit-Hate-Speech-Detection-and-Feature-Extraction-using-GPT-Models




2. Understanding and Addressing Hate
Speech: Definitions, Impacts, and
Debates

The first chapter is organized into three parts. It begins by clarifying what hate speech is,
laying the groundwork for identifying it. The second section discusses the harms caused by
hate speech and its impact on individuals and society. Finally, the third section navigates
the complex debate between prohibiting hate speech and preserving freedom of expression.

2.1. Defining Hate Speech from Legal, Linguistic, and
Social Perspectives

This section attempts to define hate speech by examining it from multiple perspectives.
It begins with an exploration of legal definitions and interpretations. Following this, it
investigates how hate speech is addressed within NLP, including definitions proposed by
researchers and guidelines used by social media platforms. Finally, the linguistic and
social dimensions of hate speech are considered, analyzing its usage, implications, and the
difficulties in establishing a universally accepted definition.

The term hate speech itself was conceived in the late 1980s by a team of legal scholars
in the United States, reacting to the various legal approaches to managing certain types of
harmful racist expressions (Matsudal |1989). This term has since transcended its original
legalistic confines, entering the lexicon of both the media and the general public, and
evolving significantly in its application and interpretation. Traditionally, hate speech
has been a term predominantly used by liberal progressives or politically left-leaning
stakeholders to identify and disparage expressions deemed racist, xenophobic, homophobic,
[slamophobic, misogynistic, disablist, or otherwise discriminatory towards identity groups,
arguing that such speech violates principles of respect, solidarity, tolerance, etc. (Brown,
2017a). In this context, identity groups are understood as collections of individuals who see
themselves as part of the same social category, share an emotional bond to this common
identity, and agree on the significance of their group and their belonging to it (Tajfel and
Turner, 1979).

Within the legal landscape, the concept of hate speech encompasses a variety of
interpretations and definitions. Notably, in cases such as Surek v. Turkey (European
Court of Human Rights| [1999) and Giindiiz v. Turkey (European Court of Human Rights,
2003)), the European Court of Human Rights (ECtHR) applied a definition originally
established by the Committee of Ministers of the Council of Europe in 1997 (Council
of Europe, Committee of Ministers, 1997). This definition encompasses all forms of
expression that spread, incite, promote, or justify racial hatred, xenophobia, antisemitism,
or other forms of intolerance-based hatred. In both aforementioned instances, the ECtHR
highlighted that for expressions to be classified as hate speech, they must go beyond
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merely disturbing, offending, or shocking; they must have the capacity to incite violence
or hatred.
Similarly, domestic legislation in South Africa outlines hate speech offenses:

[...] no person may publish, propagate, advocate or communicate words based
on one or more of the prohibited grounds, against any person, that could
reasonably be construed to demonstrate a clear intention to: (a) be hurtful;
(b) be harmful or to incite harm; (¢) promote or propagate hatred. (Republic
of South Africal 2000, 9)

Additionally, the South African Bill of Rights, under s 16(2), states that freedom of
expression does not extend to the promotion of hatred based on race, ethnicity, gender, or
religion that incites harm (Constitutional Assembly of South Africal [1996).

Beyond these examples, the legal definitions of hate speech are vast and varied. They
often extend into analyses of legal concepts through terminologies not explicitly labeled as
hate speech, but are closely related or serve as proxies. Such terms include hate, hatred,
contempt, hostility, enmity, feelings of inferiority, racist propaganda, xenophobia, anti-
semitism, aggressive nationalism, homophobia, Islamophobia, group defamation, group
vilification, insult, negative stereotyping, stigmatization, humiliation, degradation, dignity
violations, discriminatory harassment, and intolerance. These diverse legal interpretations
highlight the complex nature of identifying and regulating hate speech within various
legal frameworks (Brown) 2017a)).

Notably, the term hate speech is the most recent in a series of terms historically used
to describe expressions that target individuals or groups based on certain protected
characteristics, such as race hate, group libel, and hate propaganda. These terms have
been instrumental for societies in addressing and categorizing forms of prejudicial speech.
However, what sets hate speech apart is its broad scope. It is capable of encompassing
a wider array of protected characteristics and forms of speech than its predecessors.
Malleson| (2018) define protected characteristics as attributes recognized by legislation,
safeguarding people from discrimination or unjust treatment due to those attributes. For
a characteristic to be protected, it must meet three key criteria: it should have some
definitional and categorical stability, reflect a broad understanding of social realities and
lived experiences, and correspond with the most significant axes of discrimination present
in society (Malleson, 2018). This broad applicability of hate speech is critical, as it
refers to a more expansive concept, capturing the expressive dimensions of identity-driven
mistrust, conflict, envy, animosity, and oppression (Brownl, 2017al).

From an NLP perspective, Fortuna and Nunes| (2018) gathered and analyzed definitions
of hate speech from various sources, including the European Union Commission, which sets
guidelines for its institutions; International minorities associations like the International
Lesbian, Gay, Bisexual, Trans and Intersex Association (ILGA), which focus on protecting
groups often targeted by hate speech; and the scientific community, offering a research-
based viewpoint. Additionally, they looked at the conditions and terms of social networks,
such as Facebook, YouTube, and Twitter (now called X), platforms where hate speech
frequently occurs. This comprehensive analysis led Fortuna and Nunes (2018) to propose
their definition of hate speech.

Hate speech is language that attacks or diminishes, that incites violence or hate
against groups, based on specific characteristics such as physical appearance,
religion, descent, national or ethnic origin, sexual orientation, gender identity



2.1. Defining Hate Speech from Legal, Linguistic, and Social Perspectives

or other, and it can occur with different linguistic styles, even in subtle forms
or when humour is used. (Fortuna and Nunes| 2018| 85:5)

To aid in the identification of hate speech, Fortuna and Nunes (2018)) further propose a
set of main rules to identify hate speech. Hate speech is present when individuals:

e highlight an individual’s group membership and attach a disparaging stereotype to
that group,

e make generalized negative remarks about minority groups, stirring a negative bias
towards them,

e utilize disparaging terms and racial epithets intending to cause harm,
e employ sexist or racial slurs,

e use sexist or racial slurs to express pride, even if the speaker belongs to the group
targeted by these slurs. However, this classification can change if the context clearly
shows the speaker’s group membership. If there is no clear contextual indication of
the speaker’s group membership, such terms are categorized as hateful.

e Support organizations known for advocating hate speech, even without making
direct verbal attacks, or

e assert the superiority of one’s own group over others.

e Criticizing countries or religions is generally allowed, but discrimination based on
these aspects is not.

Brown| (2017a) offers a series of valuable definitions from the linguistic perspective.
The approach begins by treating hate speech as a complex or compositional concept,
which is built from more basic, simpler concepts. These foundational concepts cover
broader categories, allowing complex concepts to be broken down through decompositional
conceptual analysis. This method involves dissecting the complex concept into its basic
components to establish a precise definition. For instance, the concept of a bachelor is
clarified by combining three simpler concepts: being an adult human, being unmarried,
and being male.

Subsequently, understanding the concept of hate speech as a compositional concept
raises the question of how to identify its component parts. For example, one might
attempt an Aristotelian definition. Such a definition, named after the ancient Greek
philosopher Aristotle, seeks to explain the essence of an entity by specifying its genus,
a general category or class to which the entity belongs, and its differentia, the specific
characteristic that distinguishes it from other members of its genus. This form of definition
is also known as a genus-differentia definition. It aims to provide a concise explanation of
what something is by highlighting its fundamental nature within a broader category and
identifying what makes it unique within that category (Roelcke, 2010]).

One could for example argue that the term hate speech functions as a hyponym of
speech, much like olive oil is a specific type within the broader category of oil (Brown,
2017a). A hyponym is a word that represents a subcategory of a more general class also
called hypernym, indicating a specific type of the broader category. In the context of
genus-differentia definitions, the concept being defined can be seen as a hyponym of its
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genus. This suggests that hate speech represents a distinct subset or hyponym of the
genus speech. Furthermore, the inclusion of hate within the term hate speech may serve
a semantic purpose or differentia, signaling the essential nature of this subcategory of
speech. Specifically, it indicates that hate speech is deeply intertwined with emotions,
feelings, or attitudes of hate or hatred. Thus, the term hate speech not only identifies a
particular kind of speech but also infuses it with a specific emotional context, highlighting
its association with feelings of hate or hatred. Recognizing hate speech as a hyponym
emphasizes its function in specifying a distinct segment of speech, defined by its content
and underlying intention.

Yet, this interpretation of hate speech as merely a subset of speech linked to hateful
emotions remains insufficiently precise for the requirements of this master’s thesis. The
term hate speech encapsulates complexities beyond the simple conjoining of hate and
speech. Thus, a deeper exploration into its composition is necessary, as suggested by
Brown'’s (2017a) decompositional conceptual analysis.

According to Brown| (2017a)), the concept of hate speech could instead integrate three
foundational, simpler concepts: first, speech or other forms of expressive conduct; second,
the identification of groups or classes of persons by protected characteristics; and third,
the embodiment of emotions, feelings, or perspectives of hate or hatred. Importantly, the
simultaneous presence of these conditions serves as a comprehensive criterion for labeling
an act as hate speech.

So far, definitions from legal, NLP, and linguistic perspectives have been examined.
These perspectives share a common foundation: they all rely on the “myth of hate” (Brown),
2017al, 432). This myth theorizes that for speech to be classified as hate speech it must
be linked in some significant manner to emotions, feelings, or attitudes of hate or hatred.
Such emotions are characterized by a profound or intense aversion, dislike, antipathy;,
loathing, hostility, or enmity toward something or someone, possibly accompanied by a
desire to eliminate or banish the target of these emotions.

However, not all communications identified as hate speech necessarily originate from
emotions, feelings, or attitudes of hate or hatred towards individuals or groups with
protected characteristics. For instance, certain expressions of hate speech may stem from
feelings of contempt, disdain, scorn, condescension, or dismissiveness. These feelings
entail viewing someone or something as unworthy of consideration or respect, leading
to a desire to withdraw from, avoid, or shun the target. In these scenarios, the speaker
does not actually hate the subject of their speech; rather, they view them with contempt,
considering them beneath the level of consideration or respect required to evoke feelings
of hate or any significant regard (Brown) [2017a)).

Consider the example provided by Brown (2017a) of a scientist who publishes findings
on the comparative intelligence of African Americans and white Americans, stating
that African Americans tend to have lower 1Qs than white Americans. This statement
may not stem from any hate or hatred towards African Americans, whether consciously
or unconsciously. It could represent a genuinely held belief based on the scientist’s
interpretation of data regarding genetic and environmental influences on interracial 1Q
differences and their implications for educational attainment, income, and social behaviors.
This scenario raises a dilemma about whether such a statement qualifies as hate speech.
On the one hand, the lack of hateful intent could be used as an argument against this
categorization. On the other hand, the statement could be perceived as hate speech by
many, including but not limited to African Americans, because it publicly reinforces rather
than challenges a harmful stereotype or social stigma portraying African Americans as
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less intelligent than white Americans (Brown, 2017a)).

Moreover, asserting that hate speech is uniformly motivated by hate oversimplifies the
issue and overlooks the diverse and complex motivations behind such expressions. |Brown
(2017a)) illustrates this point by providing several examples where speech that might
instinctively be labeled as hate speech is not driven by hate or hatred. For instance, an
individual might insult or mock members of the Muslim community not out of hate, but
due to fear, a sense of loss, or feelings of alienation triggered by the presence of what they
perceive as foreigners in their community. This suggests that actions commonly identified
as hate speech can be motivated by a wide array of reasons that do not necessarily relate
to hatred or even specifically target the group in question. According to [Brown| (2017al),
the emotions experienced by the authors of hate speech can vary widely, as can their
motivations, which include boredom, a desire for attention, enjoyment of controversy, and
even reasons as pragmatic as economic self-interest. Consider another example provided by
Brown| (2017al), namely the case of a shopkeeper who spreads false and harmful statements
about Jews in their area, not out of animosity towards Jews but because they view
Jewish-owned businesses as competitors. Their aim is to divert the customers of the
Jewish-owned businesses to their own business through a smear campaign.

Furthermore, the conceptualization of hate speech as merely the expression of hate
or hatred can potentially backfire as it risks pathologizing hate speech (Brown, 2017a).
Indeed, this perspective implies that hate speech is an aberration, a manifestation of
mental pathology rather than a societal issue. By defining hate speech as the act of
individuals overwhelmed by such intense hatred or deep-seated animosity towards certain
groups that they are compelled to express this hatred vocally, it paints the phenomenon
as abnormal. It characterizes the individuals who engage in hate speech as being driven
by obsessional, paranoid, or irrational feelings, emotions, or attitudes, coupled with
uncontrollable impulses to communicate these sentiments.

Yet, this perspective neglects the fact that many instances of hate speech are executed by
individuals who cannot be deemed pathological in any clinical sense (Brown) 2017a)). These
individuals may not necessarily harbor hatred or deep-seated animosity towards others.
Even if they do possess such feelings, they are often fully capable of controlling whether
to express them. Hate speech, rather than being an anomaly occurring at the fringes of
normal psychological behavior, is conducted by ordinary people making deliberate choices
about their actions and words. Consequently, framing hate speech too narrowly as a
product of hate or mental pathology fails to capture the broader, more complex social
dynamics at play.

The final potential drawback of defining hate speech strictly as speech motivated by
hate or hatred concerns the implications for legal regulation (Brown, 2017a). If hate
speech laws are framed around this definition, they could be perceived as attempts to
regulate individuals’ emotions, feelings, or attitudes. This perspective raises concerns
about the appropriateness of state intervention in the personal and private realms of
thought and emotion. Many hold the instinctive belief that the state should not intrude
into the inner world of its citizens, arguing that it is not within the state’s purview to
legislate emotions and feelings any more than it should legislate attitudes or thoughts,
even those involving hate or hatred.

The discussion so far has aimed to point out the limitations of the assumption that the
most accurate way to define hate speech is through a compositional analysis, particularly
by relying on the literal meaning of hate as encompassing emotions, feelings, or attitudes.
However, it could be helpful at this point to question the presumption that the term
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hate in hate speech retains its usual or literal meaning. This assumption might stem
from observing the semantic consistency across various complex terms incorporating the
word hate, such as hate tweets, hate campaign, hate propaganda, haters gonna hate, hate
mail, hate crime, the politics of hate, etc. (Brown, 2017al). Yet, the critical issue here
is that not all compound terms containing hate necessarily incorporate the ordinary or
literal meaning of hate in their semantic composition. Therefore, it would be a mistake to
assume that hate functions semantically in hate speech in the same manner as it does in
other complex terms that also include the word.

Brown| (2017al) ultimately proposes that the term hate speech might best be understood
as a relational metaphor. This interpretation suggests that hate speech conveys a relational
structure common to both the feelings or emotions of hate or hatred and the speech
itself. For example, in the phrase pillow talk, the word pillow does not refer to the literal
qualities of pillows such as softness or support but connotes the idea that pillows are
typically found on beds, which is the same relation in which pillow talk occurs. It happens
on or in beds. Similarly, the contribution of the word hate in hate speech could be to
identify a relational structure that exists in both hate and hate speech.

This begs the question on the type and nature of this metaphoric relation. It largely
depends on the meaning of hate, but a plausible interpretation is that hate or hatred is
typically directed toward or against something or someone. Thus, hate in hate speech
signifies being against something or someone, analogous to how hate operates. In its plain
or literal sense, hate does not specify the object of hate. However, when combined with
speech or crime, the term hate might not convey its plain or literal meaning but something
more specific. As |Cortese (2006]) notes, hate has begun to be used in a more restricted
sense since the mid-1980s to characterize negative beliefs and feelings about members of
certain categories of people based on ethnicity, race, gender, sexual orientation, religion,
age, or disability. This specialized usage continues in current discussions on hate speech
and hate crimes.

Brown (2017a) suggests that the word hate can have different meanings depending
on the context. Its core meaning involves intense dislike, aversion, or hostility toward
something or someone, as seen in the term hate mail and the phrase haters gonna hate.
Yet, in specialized contexts like hate speech and hate crime, hate can signify opposition
to members of groups or classes identified by protected characteristics. |Browns (2017a)
analysis reveals that hate speech cannot be fully understood through pure compositional
semantics since hate assumes a figurative or metaphorical meaning. Therefore, the
metaphoric meaning of hate speech is speech directed “against members of groups or
classes of persons identified by protected characteristics analogous to how hate is toward
or against something or someone” (Brown, [2017al 464).

Brown| (2017a)) also contests the idea that the term hate speech possesses a singular,
unambiguous meaning, which might eventually lead to a universally accepted definition
reflecting this uniformity. They argue against the notion that hate speech is univocal,
suggesting instead that it is equivocal, embodying a range of meanings rather than a single,
precise one. According to Brown| (2017b)), hate speech represents a family of meanings,
each contextually defined and understood, which precludes the possibility of pinning
down an overarching, exact definition. Their perspective emphasizes the complexity
and variability of how hate speech is perceived and used across different discussions,
highlighting the challenges in establishing a universally agreed-upon definition.

In conclusion, the most important takeaway from examining hate speech through diverse
perspectives is the recognition of its multifaceted nature. Rather than being driven solely
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by hatred, hate speech can stem from a range of motivations including fear, alienation,
economic self-interest, and a desire for attention. This nuanced understanding challenges
the simplification of hate speech as merely expressions of hatred, emphasizing the need
for a broader, more context-sensitive approach. The final definition adopted in this thesis
follows Brown’s (2017a, 464): Hate speech is speech directed “against members of groups
or classes of persons identified by protected characteristics analogous to how hate is toward
or against something or someone”.

2.2. The Impact of Hate Speech on Individuals and
Society

As |Lawrence (1990) suggests, the pain of being targeted by hate speech is not experienced
by everyone, nor is the societal harm it causes borne equally. Often, there is a rush to
claim understanding of the victims’ suffering without truly listening, and a readiness to
believe that one has endured the same. This can lead to the mistaken belief that balancing
the protection of free speech with addressing the harm caused by hate speech is easy,
resulting in the underestimation or misjudgment of the actual harm.

Recognizing these complexities, this subsection scrutinizes the harm inflicted by hate
speech. It begins by examining the immediate harm inflicted on the direct targets of hate
speech. Following this, the focus shifts to the broader impact on dominant non-target
groups, highlighting how hate speech affects their perceptions and interactions. Finally,
the discussion explores the societal implications of hate speech, illustrating its role in
perpetuating social inequalities and inciting violence.

Impact of Hate Speech on the Targets. The examination of immediate harm
begins with the most apparent victims of hate speech, namely those who are directly
addressed. The links between verbal abuse and mental or emotional distress have been
well established, challenging the old adage sticks and stones may break my bones but
words shall never hurt me, which implies that verbal aggression is harmless compared to
physical acts (Knoblock, [2022)). Indeed, acute psychological or emotional turmoil emerges
as the most direct harm caused by hate speech (Delgado, |1982)). Words, whether filled
with hate or not, can inflict mental, emotional, or even physical harm on their targets,
especially if expressed in the presence of others or by someone in a position of authority.
In fact, victims have described experiencing this type of harm in profoundly deep ways,
akin to an existential kind of pain, as noted by |Gelber and McNamara| (2016]). For
example, victims may experience severely diminished self-esteem. According to [Delgado
(1982), the constant exposure to negative images forces upon the targets a harsh and
destructive dilemma, either to despise oneself, as systematically demanded by society,
or to forfeit any sense of self and become nothing. This suffering often intensifies due
to a perception of the situation’s hopelessness and even self-blame, leading to a cycle of
self-reproach that exacerbates feelings of loneliness and undesirability. The psychological
reactions to such stigmatization include feelings of humiliation, isolation, and self-loathing.
Therefore, it is neither unusual nor pathological for stigmatized individuals to experience
conflicted feelings regarding their self-worth and identity. This ambivalence stems from the
stigmatized individual’s awareness of being perceived as not meeting societal norms, which
they have internalized. Consequently, stigmatized individuals often exhibit hypersensitivity
and anticipate discomfort in interactions with those deemed normal and they frequently
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experience anxiety and fear, as detailed by Delgado| (1982)).

Beyond these immediate effects, the psychological impact of racism can manifest in
mental illness and psychosomatic diseases, with affected individuals often seeking escape
through substances like alcohol, drugs, or engaging in other forms of antisocial behavior
as outlined by Delgado (1982). Importantly, achieving a high socioeconomic status does
not mitigate the psychological damage inflicted by hate speech, as tragically demonstrated
by the 2022 death of Dr. Lisa-Maria Kellermayr, an Austrian doctor who was harassed
and threatened online for their advocacy of COVID-19 measures. The constant digital
hate and threats ultimately led to their suicide (HateAid, 2022).

Delgado| (1982) further stresses that the pursuit of success in business and managerial
careers imposes a considerable psychological burden, even on those who are exceptionally
ambitious and upwardly mobile within their identity groups. Moreover, individuals who
achieve success often do not fully reap the benefits of their professional status due to
inconsistent treatment by others, which leads to ongoing psychological stress, strain, and
frustration. As a result, severe psychological impairments resulting from the environmental
stress of prejudice and discrimination do not show a decreased incidence among minority
group members with a higher socioeconomic status.

The stress associated with hate speech may manifest in physical health issues as well.
Delgado, (1982) highlights evidence suggesting that high blood pressure is linked with
inhibited, constrained, or restricted anger rather than genetic factors, with hate speech
contributing to elevated blood pressure levels.

Racial stigmatization can also adversely affect the target’s financial interests. Indeed,
the psychological injuries can significantly hinder an individual’s career progression.
Those who are timid, withdrawn, bitter, hypertensive, or psychotic are more likely to
encounter difficulties in employment settings. Delgado| (1982) references an experiment
in which African American and white American of similar aptitudes were placed in a
competitive environment, revealing that the African American participants exhibited
defeatism, lackluster competitiveness, and a high expectancy of failure. For many minority
group members, equalizing tangible variables such as salary and entry level is an insufficient
remedy to counteract defeatist attitudes. The psychological cost of attempting to compete
is too high, leading them to be “programmed for failure” (Delgado, (1982, 139-140).

Impact of Hate Speech on Dominant Non-Target-Groups. The impact of hate
speech extends beyond its direct targets, potentially affecting non-target-group members
in ways that often remain unnoticed. As noted by Matsudal (1989, 2338), members of
dominant groups, who may vehemently oppose hate speech, find themselves harboring
a “guilty secret”. They may feel a sense of relief that they are not the subjects of racist
attacks. Although they denounce groups like the Ku Klux Klan, there exists an ambivalent
relief in not being in the targeted group, drawing them into an unwilling complacency
with the perpetrators, grateful for not being the object of fear and degradation. This
phenomenon is akin to the relief felt in the aftermath of human tragedies, such as natural
disasters or plane crashes, where the fortunate distance themselves from the victims,
thereby making it more challenging to foster a sense of common humanity. The prevalence
of hate speech thus may create a rift between well-intentioned members of dominant
groups and the victims, impeding empathy and solidarity.

Furthermore, Matsudal (1989)) points out that hate speech prompts members of victimized
groups to regard all dominant-group members with suspicion, while obliging well-meaning
individuals from dominant groups to exercise excessive caution in their interactions with
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those considered outsiders. According to Matsuda| (1989)), despite efforts to resist, the
notion of racial inferiority becomes subtly ingrained in people’s minds as potentially valid
due to the repetitive presentation of hate speech messages. Stereotypes that label the
target group as lazy, dirty, sexualized, money-grubbing, or dishonest are vehemently
rejected, yet they may surreptitiously influence perceptions and interactions. Matsudal
(1989) argues that when in proximity to a member of the stigmatized group, the derogatory
messages, regardless of conscious rejection, are involuntarily recalled, affecting behavior
and connection with the individual.

For victims, the process involves a complex interplay of angry rejection and unintended
absorption of the inferiority message, as described by [Matsudal (1989). This dynamic
highlights the pervasive and insidious effect of hate speech, not only reinforcing stereotypes
among members of the dominant group but also compelling victims to contend with
internalized messages of inferiority, further complicating the struggle for equality and
mutual understanding.

Surprisingly, the perpetrator also emerges as a victim of hate speech. According to
Delgadol| (1982)), racial labeling and insults not only harm the targets but also inflict direct
damage on the individuals who perpetrate such acts. Delgado (1982)) suggests that bigotry
could adversely affect those who harbor it by cementing rigid thought patterns, which in
turn could dull their moral and social sensibilities and may lead to the development of
a mentality that could be described as “mildly ... paranoid [sic|” (Delgadol 1982, 140).
Contrary to some beliefs, there seems to be scant evidence to support the notion that
racial slurs act as a “safety valve” for alleviating anxiety that might otherwise manifest in
violent behavior, as [Delgado (1982} 140) further notes.

Impact of Hate Speech on Society. Moreover, hate speech has the capacity to inflict
harm not only directly, by eliciting fear, insecurity, and anxiety among its targets, but also
in a somewhat indirect manner, by influencing the social hierarchy positions of the groups
to which these targets belong, as discussed by |[Maitra and McGowan| (2012). Specifically,
speech can crystallize facts concerning the distribution of social power, outlining who
possesses power and who does not.

For example, MacKinnon| (1993) highlights how the imagery and language employed
in pornography condition its viewers to become sexually aroused by the degradation of
women, positing this conditioning as unconscious and therefore not subject to mental
mediation (MacKinnon, [1993| 16). Also, Scoccial (1996]) draws upon |Austins (1975) speech
act theory to argue against pornography. They suggest that violent and certain nonviolent
pornography executes a speech act with the illocutionary force of subordinating women
and the perlocutionary effect of reinforcing women’s subordinate sociopolitical status. To
clarify, |Austin’s (1975)) theory distinguishes two effects of speech. First, illocutionary
force refers to the intended action resulting from the utterance. In Scoccia’s ((1996)
argumentation, the production or dissemination of specific types of pornography aims,
consciously or unconsciously, to position women in a subservient status relative to men.
Second, perlocutionary force concerns the actual effects or outcomes precipitated by the
utterance. In the context of the pornography that [Scoccial (1996) addresses, it reinforces
the societal placement of women as inferior.

Thus, the argument extends beyond the portrayal of women in submissive roles within
pornography; it implicates such content in actively maintaining their subordinate status
in reality, affecting both perceptions and treatments of women.

Langton| (1993)) supports this viewpoint, contending that speech has the power to
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subjugate by unjustly classifying women as inferior, stripping them of crucial rights and
capabilities, and validating discriminatory treatment towards them. This line of reasoning
underscores the profound and multifaceted impact of hate speech, particularly in contexts
like pornography, on perpetuating and legitimizing social inequalities.

Speech can also inflict harm through prompting its listeners to emulate the behaviors
presented. Empirical research highlights the human propensity for imitation, which
is both strong and widespread (Hurley, |2004)). This suggests that individuals may
unconsciously replicate behaviors witnessed in mediums such as pornography, often
without understanding the act of imitation or its motivations (Maitra and McGowan,
2012).

Furthermore, |West| (2012) study the detrimental effects of speech, particularly examining
how certain hate speech can effectively silence individuals of color, thus infringing upon
their right to free speech. They assert that to be deemed as truly embodying freedom of
speech, such a right must meet three fundamental requirements: minimal distribution,
minimal comprehension, and minimal consideration. Consequently, if racist hate speech
obstructs the distribution, comprehension, or consideration of other speech, it can be
seen as undermining rather than supporting the principle of free speech. Gelber and
McNamara/s (2016) empirical findings, drawn from interviews, lend support to West/s
(2012) argument, indicating that hate speech can disarm its targets, preventing them from
acting against it. The interviews revealed that hate speech often leads to a withdrawal from
public discourse, with some participants explicitly stating that hate speech left them unable
to respond in the moment and silenced them in broader, more subtle ways. Similarly, some
interviewees identified silence and withdrawal as strategies used by community members
to shield themselves from hate speech.

Hate Speech as a Precursor of Violence. Research has consistently shown a
correlation between verbal and physical violence, with verbal aggression often preceding
and signaling the potential for physical abuse. Stets| (1990) found that verbal aggression
is a common precursor to physical acts of violence, indicating that verbal assaults should
not be dismissed as benign. Similarly, Davis| (1996) observed adults who made verbal
threats towards children and noted that these threats often escalated to physical violence.
Further exploring the dynamics within intimate relationships, Schumacher and Leonard
(2005)) identified prior verbal aggression by marital partners as significant predictors of
physical aggression, highlighting the progression from verbal to physical abuse in domestic
settings.

The potential harm of polarizing and hateful discourse extends beyond personal rela-
tionships into broader societal impacts. |Leezenberg (2015) critically analyzes the rhetoric
of Dutch politician Geert Wilders and the Freedom Party (PVV), illustrating how such
discourse can polarize societies and contribute to violent acts, as seen in the tragic case of
Anders Breivik’s attack. On July 22, 2011, Anders Behring Breivik carried out a massacre
in Norway, resulting in the deaths of 77 people and severely injuring 42 others. The
attacker first set off a bomb in Oslo, then traveled to the island of Utgya, and opened fire
on young people attending a youth camp (Leonard et al. 2014). Breivik’s own admission
of being partly inspired by Wilders’s political rhetoric underscores the dangerous influence
of hate speech on individuals predisposed to violence.

Additionally, the advent of computer-mediated communication has significantly increased
the visibility and spread of discourse that was previously confined to private or marginal
public spaces (Knoblock, 2022). According to Keipi et al. (2016), online platforms

14



2.3. The Debate Over Hate Speech and Free Speech Rights in Democratic Societies

could facilitate the formation of extremist communities, providing a potential space
for radicalized individuals to find validation and encouragement for their views. They
suggest that the cases of Anders Breivik, various school shooters, and young ISIS recruits
demonstrate the possible real-world consequences of hate speech’s proliferation online.

United Nations experts (2019)) highlighted how exposure to hate speech increases the
likelihood of hate crimes, emphasizing the danger it poses to society. They noted that hate
speech, common both online and offline, intensifies societal and racial tensions. This can
lead to violent attacks and weaken democratic values, social stability, and peace. Moreover,
Costello and Hawdon/'s (2018)) observation that hate speech can create a snowball effect,
where exposure leads to further production of hate material, highlights the urgent need
for strategies to counteract this cycle and protect both individuals and the broader social
fabric from its destructive impact.

In conclusion, hate speech inflicts severe psychological and emotional harm on its direct
targets. Additionally, it disrupts social dynamics within dominant non-target groups,
perpetuates societal inequalities, and incites violence.

2.3. The Debate Over Hate Speech and Free Speech
Rights in Democratic Societies

In the previous subsection, the various impacts of hate speech on both direct targets
and broader societal groups were explored. Given the severity of these consequences, the
argument for protecting hate speech appears challenging, if not entirely misplaced. Indeed,
Baker| (2012), an advocate for the near-absolute protection of free speech, highlights a
common perspective by recognizing the pervasive role that hate has played in the genocides
and murderous racial conflicts of the twentieth century. The argument presented by |Baker
(2012) posits that the horrors of race-based violence diminish the significance of lesser
values like free speech. Thus, from this viewpoint, it becomes difficult to justify the
freedom to engage in hate speech when weighed against the potential to prevent racial
violence and genocide. The proposition is that even if banning hate speech only potentially
prevents such extreme acts, this possibility sufficiently justifies such legal restrictions.

However, there are compelling arguments against hate speech prohibitions that advocate
for the preservation of free speech rights. [Dworkin! (2009)) for example challenges the view
that prohibiting hate speech is necessary to prevent discrimination and violence. They
suggest that while it is crucial to legislate against discrimination and violence, restricting
expressions of hate could compromise the legitimacy of these very laws. They argue
that even if hate speech contributes to a hostile environment, curtailing it through legal
means might not be justified if doing so undermines the democratic justification for other
important laws. They emphasize that, “[w|e might have the power to silence those we
despise, but it would be at the cost of political legitimacy, which is more important than
they are”(Dworkin|, 2009, ix).

Unlike [Dworkin| (2009), Waldron| (2010) argues that in a well-ordered society, laws
against hate speech are justified because they contribute to the dignity and mutual respect
required by principles of justice. They believe such laws ensure public assurance of
commitment to justice among citizens. Similarly to how societal order depends on laws
against murder to convey public reassurance that murder is unacceptable, it also relies
on prohibitions against hate speech to demonstrate that intolerance and bigotry are not
condoned.
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Baker| (2012)) counters that true assurance of mutual respect and dignity cannot be
achieved through compelled speech conformity. Instead, it requires the freedom to express
dissenting views, so society truly knows the beliefs and attitudes of its members. Baker
(2012) argues against the facade of a well-ordered society enforced by coercive laws,
comparing it to a Potemkin village which is neatly organized in appearance but devoid of
genuine freedom. They further challenge the notion that the disciplinary role of the law is
necessary or effective for fostering genuine respect and dignity among citizens. Drawing
parallels with historical examples, such as compulsory flag salutes, Baker| (2012)) argues
that such compulsion is often counterproductive and that fostering true loyalty and respect
should be voluntary and spontaneous.

Baker| (2012) further contends that the legitimacy of any legal order hinges upon
its respect for individuals’ equality and autonomy. They emphasize that true respect
for autonomy means allowing individuals to express their values freely through speech,
irrespective of the speech’s content, of its potential negative impacts, or the difficulties it
may create for government processes.

Similarly, [Dworkin| (2009) argues that allowing free expression, including hate speech, is
a necessary condition for the legitimacy of laws in a democracy, particularly laws that are
opposed by some segments of society. According to [Dworkin| (2009), every citizen must
have not just a vote but also a voice. This implies that for a law to be considered legitimate,
everyone must have had the opportunity to express their opinions freely, including those
who oppose the law. This is crucial for maintaining the fairness of democratic decisions.

Dworkin| (2009)) emphasizes that the cultural and moral environment, which is shaped
by the broad and unrestricted expression of ideas and attitudes, including prejudices and
tastes, heavily influences legislation and policy. If certain views are suppressed, even if
they are offensive or hateful, it undermines the fair democratic process and potentially
delegitimizes the laws enacted in such an environment. After all, the law is considered
legitimate precisely because it was established through the democratic process.

Dworkin| (2009) further stresses the necessity and possibility of safeguarding women,
homosexuals, and minority groups from the harmful effects of sexism, intolerance, and
racism. They advocate for measures to prevent discrimination and inequality in various
areas such as employment, education, housing, and the judicial system. Additionally, they
support the enactment of laws to ensure their protection. But they further state that:

[...] we must not try to intervene further upstream, by forbidding any
expression of the attitudes or prejudices that we think nourish such unfairness
or inequality, because if we intervene too soon in the process through which
collective opinion is formed, we spoil the only democratic justification we have
for insisting that everyone obey these laws, even those who hate and resent
them. (Dworkin, 2009} viii)

Likewise, Baker| (2012) emphasize that the American conception of democracy relies
heavily on individuals being able to form their political opinions autonomously. This
indicates that individuals should be granted the liberty to explore, advocate, or listen to
various views, including those that might contradict democratic principles, without legal
restrictions on public discourse. The idea is that such unrestricted discourse is essential
for people to authentically develop their own political commitments.

Even so, Waldron| (2012)) challenges Dworkin/s (2009) and Baker/s (2012)) assertion that
hate speech laws necessarily undermine the legitimacy of other democratic laws. They
state that there are other ways for individuals to express their opposition to laws without
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resorting to hate speech and argues that if alternative forms of expression are available
that do not involve hate speech, the legitimacy of the law is not compromised, because
the essence of the opposition can still be expressed in a lawful manner.

Additionally, Baker| (2012) makes an important distinction between formal and substant-
ive autonomy. Formal autonomy is about the freedom to express one’s values and make
one’s own choices, which should generally not be interfered with by the state. Substantive
autonomy, on the other hand, relates to the actual capacity and opportunities individuals
have to lead fulfilling lives, which might involve state intervention in providing resources
or information. While laws can enhance substantive autonomy, they should not do so at
the expense of violating formal autonomy. They argue that allowing one person to express
their autonomy does not inherently conflict with another’s autonomy. This is because
formal autonomy does not involve controlling others or achieving specific outcomes, which
would potentially lead to conflicts. In a democratic society, advancing people’s substantive
autonomy, like welfare or egalitarian aims, should not involve methods that disrespect
individuals’ formal autonomy. Particularly, |[Baker (2012)) points out that typically racist
hate speech, while repugnant and harmful in terms of undermining others’ dignity, is an
expression of the speaker’s values and thus protected under the speaker’s formal autonomy.
Baker| (2012) argues that legal prohibitions on hate speech generally should be impermiss-
ible as they violate the speaker’s formal autonomy. Although, they note exceptions in
specific institutional contexts where autonomy might be legitimately restricted, such as
in employment settings where one might have to conform to role demands that preclude
hate speech.

In contrast, [Waldron| (2012)) acknowledges that while free speech is a foundational
principle, there are recognized limits where speech can be regulated or criminalized, such
as incitement to violence, fighting words, threats, obscenity, and defamation. These
exceptions to free speech are based either on the immediate harm they cause or on
their categorization as outside the protective umbrella of free speech due to their nature.
Waldron| (2012)) presents two approaches to understanding exceptions to free speech:

e A balancing approach suggests that while free speech is important, it can be
outweighed by other significant harms triggered by specific types of speech, such as
hate speech.

e An intrinsic approach argues that some types of speech, like hate speech, are inher-
ently outside the scope of free speech protection because they do not contribute to
public discourse in a beneficial way and are aimed at harming others or undermining
public order.

Waldron| (2012) advocates for an honest recognition of the trade-offs involved in regu-
lating hate speech. They criticize opponents of hate speech legislation for dismissing or
downplaying the real harms caused by such speech and for overemphasizing the value of
free speech without adequately considering its negative impacts.

While Baker| (2012)) acknowledges the harm caused by hate speech, they also question
whether changing the approach to free speech could effectively prevent atrocities. |Baker
(2012) points out that while historical instances like the Holocaust or Rwandan genocide
featured prominent racist hate speech, it is unclear whether such speech was a causal factor
or merely symptomatic of deeper, underlying societal issues. They stress the importance
of distinguishing between speech that directly causes harm and speech that simply reflects
existing prejudices and social conditions and raises doubts about the effectiveness of legal
prohibitions on hate speech.
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Correspondingly, Knoblock| (2022)) criticizes the persistence of a simplified interpretation
of linguistic relativity within both non-specialist and linguistic communities, noting how
this notion periodically leads to calls for banning certain words with the expectation that
this will resolve underlying social issues. The concept of linguistic relativity, also known
as the Sapir-Whorf hypothesis (Benjamin Lee et al 2012), posits that the structure of a
language influences its speakers’ worldview or cognition, thereby shaping their perceptions
of the world. This theory frequently results in the belief that eliminating problematic
words or grammatical features will consequently eradicate social ills, such as racism and
sexism. However, practical examples and social reality urge caution against such optimistic
beliefs. One illustrative case provided by Knoblock| (2022) is the symbolic burial of the
N-word in 2007, where thousands, including Detroit’s mayor and Michigan’s governor,
gathered to ceremonially lay the word to rest in a coffin, complete with ribbons and roses,
with the expectation that this act would contribute to ending racism. However, such
symbolic gestures are insufficient as the systemic discrimination of African Americans
remains a prevalent and persistent issue (Knoblock, [2022]).

Baker| (2012) continues by outlining three empirical conditions that would need to be
met to justify hate speech regulations convincingly:

e Demonstrating that hate speech occurs in contexts leading to severe discrimination
or genocide. Admittedly, this point can be demonstrated easily.

e Showing that the specific forms of hate speech that would be regulated are causally
linked to these harms.

e Proving that legal prohibitions would effectively intervene in the causal chain to
prevent these harms.

Finally, Baker| (2012) explains why they believe that hate speech prohibitions are likely
to backfire. First, Baker (2012) hypothesizes that hate speech prohibitions may not
effectively reduce the likelihood of severe outcomes like genocide or systemic racism. They
believe that simply outlawing hate speech does not address the underlying attitudes and
societal conditions that lead to such outcomes. Second, Baker| (2012)) fears that these
prohibitions could worsen the situation. By driving hate speech underground, such laws
might prevent society from recognizing and addressing the true extent and nature of
racist sentiments. Third, prohibitions might divert attention and resources away from
more critical activities like openly confronting and refuting racist views. Baker| (2012)
warns that without the opportunity to counter misguided views openly, society risks
turning truth into sterile dogma, losing the ability to effectively argue against harmful
ideologies. Fourth, by removing overt expressions of racism from public discourse, society
loses the opportunity to publicly reject these views, potentially leading to a failure to
engage with and comprehend the reasons why these views are harmful. This could also
create a platform for racists to claim victimhood, appealing to broader sentiments of free
speech and liberty, thus potentially garnering unintended sympathy. Fifth, permitting hate
speech within legal limits provides the benefit of identifying and understanding adversarial
perspectives. Allowing such speech exposes the extent of racism, making it visible and
identifiable. This visibility is crucial for those targeted by such speech to understand
the threats they face and to organize effective counteractions. Lastly, prohibitions could
intensify the sense of oppression among those with racist views, increasing their rage and
conviction in their beliefs, and possibly leading to more extreme actions as a form of
resistance against what they perceive as unjust suppression.
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Significantly, Baker| (2012)) articulates concerns that a political agenda focused on
enacting and enforcing hate speech prohibitions might inadvertently divert political energy
from potentially more effective solutions to address the root causes of hate. They suggest
that efforts could be more productively invested in three alternative strategies. First,
improving the material conditions of identity groups who frequently become targets of
hate speech could provide a more direct and impactful way to mitigate the effects of
discrimination and bias. Second, a proactive and public expressive rejection of hate,
often referred to as the “more speech” solution, can serve as a counterbalance to hate
speech by promoting inclusive and affirming messages. Lastly, Baker| (2012) suggests
addressing the social circumstances that contribute to the development and spread of
hateful attitudes and behaviors within identity groups. This involves combating issues
such as social discrimination, and a sense of marginalization that can result in resentment
and hostility.

In conclusion, the debate over hate speech and free speech rights in democratic societies
reveals valid arguments on both sides. Advocates for banning hate speech emphasize
the potential to prevent severe harms, such as racial violence and genocide, arguing
that the societal benefits of such prohibitions outweigh the value of unrestricted free
speech. Conversely, opponents of hate speech laws highlight the risks of undermining
democratic legitimacy and political autonomy, asserting that free expression is crucial
for genuine political discourse and societal transparency. Whether hate speech should be
banned or not is beyond the scope of this thesis. However, the use of NLP methods to
monitor hate speech presents a valuable tool for understanding and addressing its impact
within democratic frameworks. Automated tools could provide a scalable and efficient
means to monitor and manage the vast amounts of online communication, potentially
identifying and mitigating hate speech before it escalates into real-world violence and
discrimination. This technological approach does not replace the need for careful legal and
ethical consideration but rather enhances our ability to uphold both safety and freedom
in the digital age.
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3. Machine Learning Preliminaries

This chapter introduces the machine learning approaches utilized during the experiments
described in Chapter [l First, logistic regression is discussed, followed by an examination of
neural language models. Finally, the architecture of Transformer-based LLMs is addressed.

3.1. Logistic Regression

The following discussion on logistic regression is derived from |Juratsky and Martin/s
(2024b) comprehensive treatment of the topic in their work on speech and language
processing.

A probabilistic machine learning classifier, such as logistic regression, consists of several
key components (Jurafsky and Martin| 2024b):

1. Feature Representation of the Input: Each input observation x is represented as a
vector of features. For example, if social media posts are classified as hate speech
or other, features could be the frequency of specific words, the length of the post,
or the presence of specific hashtags. Mathematically, this vector can be written as
(21, X9, ..., 2,]|, where each x; represents a specific feature of the observation.

2. Classification Function: The classification function calculates the estimated class y
based on the input features. This is typically done by computing the probability of
each possible class given the input features. For binary logistic regression, the sigmoid
function is used to convert the weighted sum of the features into a probability.

3. Objective Function for Learning: The objective function, also known as the loss
function, evaluates how well the classifier performs and guides the learning process.
It is designed to be minimized during training. In logistic regression, the cross-
entropy loss function is frequently utilized. This function measures the difference
between the predicted probabilities and the actual class labels.

4. Algorithm for Optimizing the Objective Function: An optimization algorithm is
employed to refine the model parameters, i.e., weights and bias, in order to minimize
the loss function. Gradient descent is a widely used optimization algorithm that
updates the weights incrementally based on each training example.

Binary logistic regression is utilized to categorize data into one of two categories, such as
hate speech or other. To classify a test instance, after learning the weights during training,
the logistic regression model multiplies each feature x; by its corresponding weight w;,
sums these weighted features, and then adds a bias term b. The value z denotes the
sum of the weighted evidence for the class, as shown in Equation 1] (Jurafsky and Martin,
2024b), 3).

z = (i wiazi> +b (1)
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These parameters are utilized to calculate a score for each input observation. This score
is subsequently transformed into a probability via the sigmoid function. If the probability
is greater than 0.5, the observation is categorized as one class, e.g. hate speech, otherwise,
it is categorized as the other class, e.g. other.

The sigmoid function is essential in logistic regression as it maps any real-valued number
into the range (0, 1), making it suitable for probability estimation. As seen in Figure ,
outlier values get squashed toward 0 and 1 while the curve is nearly linear around 0. The
function, defined as o(z) = %, converts the linear combination of input features and

1
weights into a probability value (Jurafsky and Martin|, 2024b, 3).
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Figure 1.: Sigmoid Function Curve: Mapping Values to Probabilities (Jurafsky and Martin,
2024b, 3)

In logistic regression, the parameters of the model, specifically the weights w and the
bias b, are learned through a supervised classification process. This process involves using
known correct labels y, either 0 or 1, which could correspond to the classes hate speech
or other, for each observation x. The system generates an estimate of the true label y,
denoted as y, based on these parameters.

The goal is to find parameters w and b that approximate y as close as possible to the
true label y for each training observation. This requires two key components. The first
is a metric to determine how close the current label estimate y is to the true label y.
Rather than measuring similarity, this metric typically assesses the distance between the
system’s output and the true label, referred to as the previously mentioned loss function.
The second component needed is an optimization algorithm that adjusts the weights
iteratively in order to minimize the loss function. The standard algorithm for this purpose
is stochastic gradient descent.

For each training example, the algorithm calculates the gradient of the loss function
with respect to each parameter. The gradient indicates the direction and rate of change
of the loss function. The parameters are subsequently adjusted in the opposite direction
of the gradient to minimize the loss.

Figure [2] illustrates the gradient vector at the red dot in a two-dimensional space defined
by w and b. The red arrow in the x-y plane points in the direction to move to find the
minimum value, which is the opposite direction of the gradient. The gradient shows the
direction of the increase, not the decrease.

The learning rate determines the size of the steps taken towards the minimum of the
loss function. Selecting a suitable learning rate is important to ensure convergence. The

22



3.1. Logistic Regression

Cost(w,b)

Figure 2.: Gradient Descent Optimization: Minimizing the Loss Function (Jurafsky and
Martin| 2024b), 15)

learning rate is a small number that controls how big a step is taken when updating the
parameters. If the learning rate is too high, the steps might be too big and the optimal
values might be missed. If it is too low, the steps will be very small, and it will take a
long time to get to the best values.

To understand logistic regression in the broader context of machine learning, it is
helpful to compare it with other classification methods. Logistic regression belongs to
discriminative models, which are designed to find the decision boundary that best separates
different classes. Discriminative classifiers do not try to examine the characteristics of the
classes themselves. Instead, they directly model the decision boundary between classes
by learning which features best separate the classes. This approach focuses solely on
learning to distinguish between different classes based on the input features without
necessarily analyzing the underlying characteristics of the classes beyond their usefulness
as discriminators. Conversely, generative classifiers, like Naive Bayes, focus on modeling
the distribution of individual classes by analyzing the characteristics and features of each
class. They aim to generate examples from the class distribution, and when given a new
instance, they determine which class model best fits the instance.

To conclude, logistic regression stands as a robust supervised machine learning classifier
that takes real-valued features, assigns each feature a weight, aggregates them, and
processes the resultant sum through a sigmoid function to produce a probability. This
probability is subsequently compared to a threshold to classify the input into a category.
The model’s parameters, comprising the weight vector w and bias b, are fine-tuned using
a labeled training dataset. This process involves optimizing a loss function, commonly
the cross-entropy loss, which measures the difference between predicted probabilities and
actual class labels. The challenge of minimizing this loss function is tackled as a convex
optimization problem, in which the objective is to find the parameter values that minimize
the loss. To achieve this, iterative algorithms such as gradient descent are employed. These
algorithms systematically adjust the weights to converge on the optimal values, thereby
enhancing the model’s predictive accuracy. Through this process of weight adjustment
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and probability estimation, logistic regression differentiates between classes based on the
learned features.

3.2. Neural Language Models

The following section is derived from the work of |Jurafsky and Martin| (2024d), specifically
their comprehensive coverage of neural language models and related neural network
concepts.

Neural networks are an essential computational tool for NLP, originating from a
simplified model of the biological neuron described in terms of propositional logic. Modern
neural networks are networks of small computing units that take a vector of input values
and produce a single output value, often applied to classification tasks.

Deep learning refers to the use of modern neural networks that are often deep, meaning
they have many layers. This depth allows them to learn complex representations and
features from raw data, making them powerful tools for tasks requiring significant data to
learn features automatically.

Logistic regression and neural networks share much of the same mathematics, but neural
networks are more powerful classifiers. A basic neural network with one hidden layer can
learn any function, whereas logistic regression requires rich hand-derived features based
on domain knowledge.

Figure 3.: The neural unit takes three input values x;, X2, and x3, multiplies each by a
corresponding weight wy, wa, and ws, adds a bias term b, and applies a sigmoid
function, resulting in a value between 0 and 1. y denotes the final output, and
a denotes the activation of an individual node (Jurafsky and Martin, [2024d} 3).

The building blocks of neural networks include units that perform computations on
input values to produce an output. A bias term is an additional term in the weighted
sum that a neural unit computes. A vector is a list or array of numbers used to represent
inputs or weights. Activation refers to the non-linear function applied to the weighted
sum, producing the final neuron’s output. Frequently used activation functions include
the sigmoid function, which maps output to the range (0,1), the tanh, or hyperbolic
tangent function, which ranges from -1 to +1, and the ReLLU, or rectified linear unit,
which outputs the input if it is positive and zero otherwise. Figure [3[ (Jurafsky and Martin,
2024d}, 3) illustrates a basic neural unit. In this instance, the neural unit takes three
input values x1, X2, and x3, calculates a weighted sum by multiplying each input by a
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corresponding weight, wy, wo, and ws, and adds a bias term b. It subsequently applies a
sigmoid function to the sum, resulting in a value between 0 and 1. y refers to the final
output of the entire network and a means the output of the activation of an individual
node.

A feedforward neural network is a type of artificial neural network where the connections
between the nodes do not form a cycle. This means that the information moves in one
direction. It flows from the input nodes, through the hidden nodes, and ultimately to the
output nodes. Each layer in a feedforward network is fully connected to the next layer,
meaning each node in one layer is connected to every node in the subsequent layer. This
architecture is called feedforward because the data passes through the network in a single
direction, without any feedback loops or convolutions.

A fully-connected feedforward neural network is a specific type of feedforward neural
network in which each neuron in one layer is connected to every neuron in the next layer.
This network typically consists of an input layer, one or more hidden layers, and an output
layer. The computation in a fully-connected feedforward neural network involves three
main steps. The first step is multiplying the weight matrix with the input vector x. The
second step is adding the bias vector b. The final step is applying an activation function
g, such as the sigmoid, tanh, or ReLU, to produce the output of the network. The output
of each layer becomes the input to the next layer, and this process continues until the
final output layer is reached. A normalizing step like the softmax function is then needed
to convert the output vector into a probability distribution, where all values lie between 0
and 1 and sum to 1, making the outputs interpretable as probabilities.

A 2-layer net can be represented as shown in Equation [2 (Jurafsky and Martin, [2024d,
10).

S — Wwilg ol 4 pll

altl = 9[11(2[1})
22— w2l 4 pl2 (2)
al? = 9[2](2[2})

§= al?

The square-bracketed superscripts indicate the layer numbers, starting at 0 for the input
layer. Therefore, WU denotes the weight matrix for the first hidden layer, and bl
represents the bias vector for the first hidden layer. The function g(-) refers to the
activation function, which is typically ReLU or tanh for intermediate layers and softmax
for output layers. The term all denotes the output from layer i, and z! is the combination
of weights and biases Wali=1l 4+ bl The 0th layer is for inputs, so the inputs x are
generally referred to as al% and § denotes the current label estimate.

Thus, the algorithm for computing the forward step in an n-layer feedforward network
involves iterating through each layer, computing the weighted sum and incorporating the
bias, followed by the application of the activation function to produce the output of that
layer. This logic is illustrated in Algorithm [I| (Jurafsky and Martinl 2024d, 10).

For NLP tasks, the input representation of a feedforward network often involves word
embeddings, which are dense vector representations of words that capture their meanings
and relationships. Pre-training refers to the use of embeddings learned from large datasets
before using them for specific tasks. This process helps the network start with a good
representation of words, improving its performance on the task at hand.

Neural networks are trained through the process of gradient descent optimization,
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Algorithm 1 Feedforward Neural Network Forward Pass
foriin1,...,ndo
2 wlilgli-1 4 plil
all gl (=)
end for
i < al”

where the network’s parameters, i.e., weights and biases, are adjusted to minimize the
difference between the predicted output and the true output. This training process involves
computing the gradient of the loss function with respect to the network’s parameters and
updating the parameters accordingly. Error backpropagation is an algorithm employed to
calculate the gradient of the loss function in relation to each parameter in the network.
It entails a forward pass to determine the output and a backward pass to propagate the
error and compute the gradients.

Neural language models are neural networks designed to predict the probability of a
word sequence and upcoming words. They work by taking a context of previous words,
represented by their embeddings, and predicting the next word in the sequence.

The classes to be predicted in neural language models are the words in the vocabulary.
A language model acts as a word predictor by assigning probabilities to each word in the
vocabulary based on the context provided by previous words.

Each of the N previous words is represented as a one-hot vector of length |V|, with one
dimension for each word in the vocabulary. A one-hot vector has one element equal to 1
in the dimension corresponding to that word’s index in the vocabulary, while all other
elements are set to zero. For example, in a one-hot representation for the word toothpaste,
if the index is 5 in the vocabulary, x5 = 1 and x; = 0 for all i # 5.

The feedforward neural language model, as illustrated in Figure [4] uses a a sliding
window capable of viewing n words into the past. If n is set to 3, the three words
Wi_1, Wi_2, and wy_g are each represented as a one-hot vector. These one-hot vectors are
then multiplied by the embedding matrix E. The embedding weight matrix E includes
a column for every word, with each column vector having d dimensions. As a result, E
has dimensions of d x |V|. By multiplying the embedding matrix E by a one-hot vector,
the relevant column vector corresponding to the word is selected, yielding the word’s
embedding.

The three resulting embedding vectors are concatenated to produce the embedding
layer e. This embedding layer is succeeded by a hidden layer and an output layer, where
the softmax function produces a probability distribution over words. For instance, y4a2,
the value of output node 42, indicates the probability that the next word wy is Vg3, the
vocabulary word at index 42, which in this case is the word fish.

As shown in Figure [4, at each timestep t, the network generates a d-dimensional
embedding for every context word by multiplying a one-hot vector with the embedding
matrix E. The resulting three embeddings are combined to create the embedding layer e.
This layer is then multiplied by a weight matrix W, and an activation function is applied
element-wise to form the hidden layer h. The hidden layer h is subsequently multiplied
by a different weight matrix U. Finally, a softmax output layer estimates the probability
at each node i that the next word w;y will correspond to the vocabulary word Vj. In
essence, the neural language model’s equations with a window size of 3, given one-hot
input vectors for each context word can be represented as in Equation (3| (Jurafsky and
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Figure 4.: Decoding or Forward Inference for Neural Language Models (Jurafsky and
Martin| 2024d, 24)

Martin) 2024d, 23).

e = [Ex,_3; Ex;_o; Ex,_4]
h =0(We+Db)
z — Uh

y = softmax(z)

(3)

Neural language models are trained using self-supervised training, where the model is
trained on a large corpus of text to predict the next word at each time step. This process
does not require labeled data, as the sequence of words itself provides the supervision
needed for training.

To conclude, neural networks consist of neural units, which are abstract computational
elements inspired by biological neurons. Each unit processes input values by applying a
weight vector, adding a bias, and using a non-linear activation function, such as ReLU,
tanh, or sigmoid. In a fully-connected, feedforward network, every unit in one layer is
connected to every unit in the next layer, forming an acyclic structure. The power of
neural networks comes from their ability to let early layers learn representations that
improve the performance of later layers. These networks are trained using optimization
methods such as gradient descent. The backpropagation algorithm, which operates on
a computation graph, is essential for calculating the gradients of the loss function to
adjust the network parameters. Neural language models, a specific type of neural network,
function as probabilistic classifiers in two main categories: discriminative or masked
language models, such as BERT, which estimate the probability of missing words in a
sequence based on the surrounding context, and generative language models, such as GPT,
which predict entire sequences of words based on the preceding context. These models
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can use pre-trained embeddings or develop new embeddings during the language modeling
process.

3.3. Transformer-Based LLMs

This section explores the components and functioning of Transformers (Vaswani et al.|
2017), the foundational architecture behind LLMs, such as the GPT models used in this
research. It begins by examining the architecture of GPT models, discussing the mechanics
of self-attention, multihead attention, and the hierarchical structure of Transformer layers.
Next, the focus shifts to different decoding techniques used in Transformer-based models
for NLP tasks. Following this, the section examines how Transformers process input
sequences, the role of embeddings, and the impact of model size and training data diversity
on the performance of LLMs. Subsequently, the section compares discriminative and
generative pre-trained Transformers. Finally, it discusses transfer learning methods. This
section is informed by [Jurafsky and Martins (2024f) extensive analysis of the subject of
Transformer-based LLMs in their work on speech and language processing.

Components of Transformers. LLMs are pre-trained language models that exhibit
strong performance on various natural language processing tasks due to the extensive
knowledge they acquire during pre-training. These models learn from vast amounts of text,
enabling them to perform tasks such as summarization, machine translation, question
answering, and chatbot interactions effectively.

The intuition behind Transformers, the fundamental architecture used for LLMs, is to
build increasingly nuanced contextualized representations of input word meanings across
a series of layers. At each layer, the Transformer combines information from the previous
layer’s representation of a word with information from the representations of neighboring
words. This mechanism enables the model to generate a contextualized representation
for each word at each position, helping to integrate the meaning of words based on their
context.

Self-attention, a key mechanism in Transformers, allows the model to look broadly
in the context and tells it how to integrate representations from words in that context
to build a new representation for the current word. By computing the attention scores
between words, the model can target pertinent parts of the context, even if those parts
are far away from the current word. This process enables the model to identify complex
relationships and dependencies within the text.

The fundamental concept of attention involves comparing an item of interest to a set
of other items to determine their relevance within the current context. In self-attention
for language, the set of comparisons is to other words or tokens within a given sequence.
The outcomes of these comparisons are then utilized to generate an output sequence for
the given input sequence. In self-attention, this process involves creating a set of query,
key, and value vectors from the input embeddings. These vectors are used to compute
scores between different positions in the input, which are subsequently normalized with
the softmax function to yield attention weights. These weights are used to compute a
weighted sum of the value vectors, producing the output for each position in the sequence.

The query, key, and value are vectors derived from the input embeddings by multiplying
the input by learned weight matrices. The query vector indicates the current focus of
attention when compared to all prior inputs. The key vector represents the preceding
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input being compared to the current focus of attention. The value vector is utilized
to calculate the output for the current point of focus. These vectors are essential for
computing the scores that determine how much attention each input receives during the
self-attention process.

The self-attention process can be parallelized because each output is computed independ-
ently of all other outputs. This independence allows the entire process to utilize efficient
matrix multiplication routines by consolidating the input embeddings of the tokens into
a single matrix. This parallelization is significant because it enables the Transformer to
process long sequences of input tokens more efficiently than recurrent neural networks,
which process tokens sequentially.

Multihead self-attention layers are composed of several self-attention layers, known as
heads, which operate in parallel at the same depth within a model, each possessing its
own set of parameters. By using distinct sets of parameters, each head can learn different
aspects of the relationships among inputs at the same level of abstraction. Multihead
self-attention layers address the issue that a single self-attention model may struggle to
capture all the different kinds of parallel relations among input words. Words in a sentence
can simultaneously exhibit multiple types of relationships, such as syntactic, semantic,
and discourse connections.

Transformers consist of several layers of Transformer blocks. A Transformer block is
a multilayer network that converts sequences of input vectors into sequences of output
vectors of the same length. It combines feedforward networks, residual connections,
normalizing layers, and self-attention layers to extract and use information from large
contexts.
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Figure 5.: Layers of a Transformer Block (Jurafsky and Martin, 2024f, 10)

The feedforward layer in a Transformer block contains position-wise networks, which are
fully connected two-layer networks with one hidden layer. These networks are independent
for each position, allowing parallel computation. Residual connections transfer information
from a lower layer to an upper layer without passing through the intermediate layer,
improving learning by giving higher-level layers direct access to information from lower
layers. Layer normalization maintains the values of a hidden layer within a range that aids
gradient-based training. It normalizes the summed vectors using the mean and standard
deviation of the elements, followed by applying learnable parameters for gain and offset.
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These components are put together in a sequence where the input undergoes self-attention,
residual addition, layer normalization, feedforward processing, another residual addition,
and a final layer normalization, as seen in Figure [p| (Jurafsky and Martin, [2024f, 10).
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Figure 6.: Combining an embedding of the absolute position with the token embedding
creates a new embedding of the same dimensionality (Jurafsky and Martin,
2024f, 16).

Next the origin of the input for the Transformers is discussed. As illustrated in Figure
[6], the Transformer obtains its input by separately computing two types of embeddings:
an input token embedding and an input positional embedding. Token embeddings are
vectors representing the input tokens, while positional embeddings indicate the position of
each token within the sequence. These embeddings are combined to form the input matrix
for the Transformer model, capturing both the identity and the position of each token.
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Figure 7.: The language model head takes the output from the final Transformer layer
and predicts the next word by computing a probability distribution across the
complete vocabulary (Jurafsky and Martin, [2024f, 17).

The final element of the Transformers to be discussed is the language model head. The
language model head is the component added on top of the Transformer to enable language
modeling. Figure [7] shows how the language model head takes the output from the final
Transformer layer and predicts the next word by computing a probability distribution
across the complete vocabulary. This is achieved by a linear layer projecting the final
layer’s output to a logit vector, followed by a softmax layer to produce the probability
distribution.
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Figure [§| shows the complete architecture of a Transformer decoder-only model. The
Transformer constructs layers of Transformer blocks to process a sequence of input tokens
wy to wy, ultimately predicting the next word wy 1.
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Figure 8.: Architecture of a Transformer Decoder-Only Model (]Jurafsky and Martin|, |2024f],
18)

Decoding Techniques for Transformer-Based LLMs in NLP Tasks. Transformer-
based LLMs are applied to NLP tasks because they can capture contextual information
and dependencies across large spans of text. Their ability to generate contextualized
representations makes them highly effective for various tasks such as text generation,
summarization, and translation. Their capabilities at predicting upcoming words is
crucial because many practical NLP tasks can be cast as word prediction. A powerful
language model can solve these tasks with high accuracy by generating appropriate text
continuations based on the context provided. To apply Transformer-based LLMs to NLP
tasks, the model is given a text prefix and asked to generate a possible completion. The
model has access to the priming context and its own generated outputs within the large
context window, allowing it to incorporate extensive contextual information at each step
of the generation process.
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This raises the question of how words are generated at each step. In the broader context
of language models, decoding refers to the process of generating a sequence of words from
a model’s probability distributions. It involves selecting the next word in a sequence
based on the probabilities assigned by the model, and it can be performed using various
methods such as beam search, sampling, or greedy decoding.

Greedy decoding is one method of generating text where at each time step, the output
word is selected by calculating the probability for each possible output and then choosing
the word with the highest probability. This method can be problematic as it frequently
results in generating text that is predictable, generic, and repetitive. Additionally, it is
deterministic, meaning that the same input context will always produce the same output.
To address these issues, more sophisticated decoding methods are often employed.

One such method is beam search, a decoding algorithm that maintains multiple hypo-
theses at each time step and explores multiple paths simultaneously to find a sequence of
words that has the highest overall probability. By considering a wider range of possible
sequences, beam search helps to mitigate the limitations of greedy decoding, potentially
producing more accurate and coherent results. Beam search is particularly effective for
tasks like machine translation, where text generation is highly constrained by a correspond-
ing text in another language. However, for other NLP tasks, more advanced techniques
known as autoregressive generation or sampling methods are favored, as they introduce
more diversity into the generated text.

Autoregressive generation is a specific type of decoding where the model produces
text word by word, with each word conditioned on the previously generated words. This
left-to-right approach ensures that each word is generated based on the context of all
preceding words, allowing the model to maintain coherence and context throughout the
text generation process.

Sampling is another method of generating text, where words are chosen randomly
according to their probability distribution, as predicted by the model. This approach
adds an element of randomness to the generation process, potentially producing more
diverse and creative outputs. When used in Transformers, sampling involves selecting
words based on the model’s predicted probabilities rather than always choosing the most
probable word, which can lead to more varied text. The introduced sampling methods aim
to strike a balance between quality and diversity. Methods that prioritize high-probability
words tend to produce high-quality but less diverse text, while those that allow for more
middle-probability words can produce more diverse but potentially lower-quality text.

To achieve this balance, various sampling techniques are employed. Top-k sampling is
one such technique, where the model truncates the probability distribution to the top k
most likely words and then randomly samples from these words. But this approach can
be problematic because the fixed value of k might not adapt well to different contexts,
leading to less flexible and sometimes less coherent outputs.

To overcome the limitations of top-k sampling, top-p sampling, or nucleus sampling, is
used. This method keeps the top p percent of the probability mass rather than a fixed
number of words, dynamically adjusting the number of candidate words based on their
probabilities. This approach provides a more contextually appropriate balance between
quality and diversity, making it more effective in various scenarios.

Another approach to refining the sampling process is temperature sampling, which
reshapes the probability distribution by dividing the logits by a temperature parameter
before applying the softmax function. The intuition behind temperature sampling is
drawn from thermodynamics, where higher temperatures allow for greater flexibility and
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exploration of states, while lower temperatures restrict this exploration to a subset of better
states. In low-temperature sampling, a smaller temperature value increases the probability
of the most likely words and decreases the probability of less likely words, making the
distribution more focused and greedier. Conversely, high-temperature sampling, with
a larger temperature value, flattens the probability distribution, allowing for greater
diversity in the generated text.

Training Transformers for NLP. To teach a Transformer to be a language model,
the training process involves self-supervision using a corpus of text. At each time step,
the model is instructed to predict the next word in the sequence. This does not require
any special labels as the sequence of words provides its own supervision. The model is
trained to reduce the error in predicting the true next word using cross-entropy as the
loss function. This approach utilizes the inherent structure of language data to train the
model effectively.

LLMs achieve their capabilities by being trained on vast amounts of text data. This
extensive training enables them to learn the properties and patterns of language, allowing
them to perform various NLP tasks effectively. The diversity and volume of the training
data play a crucial role in the model’s ability to generalize across different contexts and
tasks.

The performance of LLMs is influenced by several key factors, including the size of the
model, the amount and diversity of the training data, and the computational resources
available for training. Larger models and more diverse datasets typically result in better
performance, as they can identify more complex patterns and nuances in the data.

In summary, Transformers are advanced non-recurrent networks that utilize self-attention
mechanisms. These mechanisms map input sequences to output sequences of the same
length by using attention heads that assess the relevance of surrounding words to the current
word. Each Transformer block contains one attention layer followed by a feedforward
layer, enhanced with residual connections and layer normalizations. Stacking multiple
Transformer blocks creates deeper and more capable networks. Constructing language
models involves stacking Transformer blocks and adding a linear layer and a softmax layer
at the top. Transformers feature a wide context window allowing them to use extensive
context for predicting future words. This broad context makes Transformer-based models
particularly effective for numerous NLP tasks by framing them as word prediction tasks.
Additionally, the generation of words in LLMs is typically guided by a sampling algorithm.

Discriminative vs. Generative Pre-Trained Language Models. To better under-
stand the functioning of GP'T models, it is helpful to contrast them with their counterparts
within the broader context of machine learning, namely the discriminative pre-trained
models, such as Bidirectional BERT (Devlin et al., 2019). GPT models belong to the
category of causal or generative pre-trained models, while BERT is a discriminative and
masked pre-trained model.

As discussed in Section [3.1] generative and discriminative classifiers represent two
fundamentally different approaches to machine learning. Generative classifiers, like
Naive Bayes, focus on modeling the distribution of individual classes by analyzing the
characteristics and features of each class. They aim to generate examples from the class
distribution and, when given a new instance, determine which class model best fits the
instance. In contrast, discriminative classifiers, such as logistic regression, do not try to

33



3. Machine Learning Preliminaries

examine the characteristics of the classes themselves. Instead, they directly model the
decision boundary between classes by learning which features best separate the classes.

This distinction between generative and discriminative approaches extends beyond
traditional classifiers to pre-trained language models as well. Discriminative pre-trained
language models and generative or causal pre-trained language models differ in several ways.
Discriminative models are created to assign input data to specific predefined categories.
They learn the boundaries between different classes based on the input data. Conversely,
generative models are designed to learn the probability distribution of sequences of words
and can sample from this distribution to produce new sequences. Discriminative models
select a category based on the likelihood given the entire input, while generative models
are designed to generate new data points from the learned data distribution and can
create new instances of data similar to the training data.

In terms of architecture, discriminative models such as BERT use a bidirectional
attention mechanism, allowing them to consider both the left and the right context
when making predictions, as illustrated in Figure [0 BERT is an encoder-only type of
Transformer, meaning it utilizes only the encoder part of the Transformer architecture and
processes the entire input sequence simultaneously. It uses the bidirectional self-attention
mechanism to understand the context of each word in relation to both its preceding and
succeeding words. During pre-training, BERT masks a percentage of the input tokens. The
model is thus trained to predict the tokens that are masked based on the entire context,
including both preceding and following words. Conversely, causal or generative models
like GPT use a unidirectional, left-to-right attention mechanism. GPT is a decoder-only
model, which means it utilizes only the decoder part of the Transformer architecture and
generates each word in a sequence one at a time, only considering the preceding words
and not the future words. This setup is essential for generating text because it enables
the model to forecast the subsequent word in a sequence based on the previous context.
In GPT models, the self-attention mechanism includes causal masking to stop the model
from seeing upcoming tokens, ensuring that each word is predicted based only on the
words that come before it.

G =)

a) A causal self-attention layer b) A bidirectional self-attention layer

Figure 9.: (a) The causal or generative Transformer model, which looks backward, com-
putes each output independently using only prior context information. (b) In
the bidirectional self-attention model, each element of the sequence is processed
by considering all inputs, both preceding and succeeding the current one (Jur-
afsky and Martin, 2024a, 2).

BERT’s pre-training objective, masked language modeling, involves predicting randomly
masked words within a sentence. GP'T models, on the other hand, are trained with the
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objective of predicting the next word in a sequence. This characteristic makes them
generative because they can produce new sequences of text by sequentially predicting
each next word based on the context provided by previous words.

After pre-training, BERT is typically fine-tuned for specific downstream tasks such as
text classification, question answering, and named entity recognition. These tasks are
inherently discriminative because they involve classifying or labeling the input text rather
than generating new text. The classifier head in BERT is designed for specific downstream
tasks such as text classification, named entity recognition, and question answering. This
head is typically a simple feedforward neural network or a logistic regression layer put
on top of the BERT embeddings. During fine-tuning, the classifier head takes the
contextualized embeddings produced by the BERT encoder, especially the [CLS| token
representation, and outputs probabilities for the predefined categories. The classifier
head makes BERT a discriminative model because it focuses on distinguishing between
different categories or labels given the entire input. The model is trained to maximize the
likelihood of the correct label, which is a typical characteristic of discriminative tasks.

Conversely, the language model head in GPT is designed for generating text. This
head outputs likelihoods for the subsequent word in the sequence, given the previous
words. During text generation, the language model head uses the contextual embeddings
from the GPT decoder to predict the next token. This is done iteratively, generating one
word at a time based on the preceding context. The language model head makes GPT
a generative model because it focuses on creating new sequences of text. The model is
trained to maximize the likelihood of the next word in the sequence, which is the primary
task of generative models.

Transfer Learning and Prompting. Transfer Learning involves using a model pre-
trained on one task or domain to enhance performance on a different but related task
or domain (Raffel et al., 2020). This leverages the knowledge the model has acquired
from its initial training to perform well on new tasks with limited additional training.
The experiments described in Section 5| utilized two such methods, namely zero-shot and
few-shot prompting. These techniques enable a language model to perform tasks with
minimal to no prior specific training on those tasks.

Zero-shot prompting provides the model with a natural language description of the
task without any examples or prior demonstrations of the task. The expectation is for
the model to understand and execute the task based solely on its pre-training and the
provided description. This approach is advantageous for its convenience and potential
robustness, as it avoids the model learning spurious correlations from specific examples.
However, it can also be challenging; without examples, the model might not clearly grasp
the task requirements, particularly if the task format is ambiguous (Brown et al. 2020Db).

Few-shot prompting equips the model with a few task-specific examples in addition
to the task description. These examples act as a reference for the model on how the
task should be performed. While no gradient updates or fine-tuning are applied using
these examples, they provide a context that informs the model about the format and
expectations of the output. The few-shot method balances guidance for the model without
overfitting to specific training examples.

Fine-tuning, in contrast, adapts a pre-trained model by training it on a task-specific
supervised dataset, often comprising thousands to hundreds of thousands of labeled
examples. This approach excels in benchmark performance but has some drawbacks.
It requires a large dataset for each new task, may generalize poorly to unfamiliar data,
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and can exploit irrelevant features in the training data, potentially leading to unfair
comparisons with human abilities (Brown et al., [2020b). Figure 10| contrasts zero-shot,
one-shot and few-shot with traditional fine-tuning.

Zero-shot

The model predicts the answer given only a natural language
description of the task. No gradient updates are performed.

Translate English to French: task description
cheese => prompt
One-shot

In addition to the task description, the model sees a single
example of the task. No gradient updates are performed.

Translate English to French: task description

sea otter => loutre de mer example

cheese => prompt
Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French: task description

sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe == girafe peluche

cheese == prompt

Fine-tuning

The model is trained via repeated gradient updates using a
large corpus of example tasks.

sea otter => loutre de mer example #1

gradient update

(_I(_

peppermint => menthe poivrée example #2

gradient update

(_I(_

¥

plush giraffe => girafe peluche example #N

gradient update

cheese => prompt

Figure 10.: Zero-shot, One-Shot, Few-Shot, and Traditional Fine-Tuning 1
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Recent approaches in hate speech detection primarily use machine learning and deep
learning techniques (Subramanian et al., |2023). These methods utilize various algorithms
and models, including supervised learning methods that employ large annotated datasets
to train classifiers. Techniques such as Support Vector Machines (de Gibert et al., 2018}
Mathur et al., [2018; [Caselli et al.; 2020), Random Forest (Mathur et al. 2018)), and Naive
Bayes (Suryawanshi et al., [2020) have demonstrated effectiveness in this domain. But deep
learning methods, particularly those involving Convolutional Neural Networks (de Gibert,
et al., [2018; |Suryawanshi et al.; [2020) and Recurrent Neural Networks (de Gibert et al.|
2018}, Suryawanshi et al., [2020), have gained prominence due to their ability to capture
complex patterns in textual data. Transformer-based models, including BERT (Devlin
et al., 2019) and its variants, are also extensively used (Wiegand et al. 2022 Caselli
et al.l 2020) for their superior performance in understanding context and semantics in
text (Subramanian et al., [2023]).

While these methods have greatly progressed the field, this section specifically addresses
implicit hate speech detection and the use of GPT models for data annotation, which
are more directly relevant to the research question. These foci are particularly relevant
to understanding how GPT models can effectively extract linguistic features of implicit
hate speech and contribute to the automated detection process by generating accurate
annotations.

4.1. Zero-Shot Learning for Multilingual Hate Speech
Detection

Plaza-del arco et al.| (2023)) investigated the application of zero-shot learning with various
LLMs for hate speech detection across three languages: English, Italian, and Spanish.
They conducted their experiments on the models BERT (Devlin et al., 2019), RoBERTa
(Liu et al., 2019)), and DeBERTa (He et al., 2021). The models were tested on eight
datasets: DYNABENCH (Vidgen et al., 2021), MHS (Kennedy et al.| [2020)), Gab Hate
Corpus (Kennedy et all 2022)), HATEVAL (Basile et al., 2019a)), HSHP (Waseem and
Hovy, 2016a)), DAVIDSON (Davidson et al., 2017), HATEXPLAIN (Mathew et al., [2021)),
and MLMA (Ousidhoum et al., 2019). These varied datasets include not only synthetically
created content, but also content from social platforms like Twitter (now X), Gab, and
YouTube. Their research indicates that zero-shot prompting with LLMs, can match or
exceed the performance of fine-tuned models, making it a viable option for under-resourced
languages. Additionally, Plaza-del arco et al.’s (2023) results underscore the potential
of prompting for identifying hate speech, demonstrating how both the prompt and the
model play crucial roles in achieving more accurate predictions in this area. Extending
this investigation, this thesis employs different models, specifically LLaMA-2, GPT-3.5,
and GPT-4. It also explores both zero-shot and few-shot learning scenarios to assess
the models’ performance with minimal training examples. Another distinction in this
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research is the focus on implicit hate speech, whereas |Plaza-del arco et al.| (2023) do not
differentiate between implicit and explicit hate speech in their evaluations.

4.2. GPT-3.5’s Capabilities in Identifying and
Explaining Implicit Hate Speech

Huang et al.| (2023) evaluated ChatGPT’s effectiveness in identifying and providing
explanations for implicit hate speech within tweets using a zero-shot approach. They
used the January 9, 2023 version of ChatGPT, presumed to be GPT-3.5, as GPT-4 was
not released until March 2023 (OpenAl et al., 2023)). Huang et al.| (2023) randomly
selected 795 instances from the LatentHatred dataset (ElSherief et al., 2021) and had
GPT-3.5 classify them as either hate speech or non-hate speech and provide a natural
language explanation for each classification. To evaluate the quality and accuracy of these
results, user studies were conducted via Amazon Mechanical Turk (Crowston, 2012)). Their
research indicates that GPT-3.5 can effectively detect implicitly hateful tweets with an
80% accuracy rate and generate natural language explanations that are clearer yet equally
informative as human-written explanations. This study highlights the capability of GPT
models to handle nuanced language tasks effectively. In contrast, the research presented
in this master’s thesis seeks to expand on Huang et al./'s work (2023) by analyzing the
performance of several GPT models across a broader collection of datasets and a larger
sample size, utilizing both few-shot and zero-shot approaches.

4.3. Employing GPT-3 for Data Annotation in NLP
Tasks

Ding et al.| (2022) assessed the effectiveness of GPT-3 (Brown et al., 2020a) in annotating
data for the NLP tasks of sentiment analysis, relation extraction, named entity recognition,
and aspect sentiment triplet extraction. They employed three methods for this purpose.
The first method, prompt-guided unlabeled data annotation, involves creating task-
specific prompts to guide GPT-3 in generating labels for a set of unlabeled data. The
second method, prompt-guided training data generation, uses GPT-3 to autonomously
generate labeled data for a specified task by creating prompts that guide the model to
generate both entity pairs and sentences containing those entities for training models.
The third method, dictionary-assisted training data generation, uses the knowledge base
Wikidata (Vrandeci¢ and Krotzsch, 2014)) to guide GPT-3 in generating labeled data for
a specific domain by leveraging an external knowledge source to create entity pairs and
sentences. Ding et al. (2022)) evaluated the performance of GPT-3 as a data annotator
by monitoring performance, cost, and time spent on the three proposed methods and
comparing them against human-labeled data. For each NLP task, the data generated by
each approach is post-processed and reformatted to match the format of human-labeled
data before fine-tuning a BERTgasg model (Devlin et al., [2019). To accurately estimate
the cost and time needed for human labeling, |Ding et al.| (2022) conducted interviews and
consultations with linguists and professional data annotators. They demonstrated that
GPT-3 can significantly reduce the need for labor-intensive manual annotations, although
improvements are needed in the quality of the data produced. Conversely, the research
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presented here evaluates the annotative effectiveness of newer GPT models in the specific
context of implicit hate speech detection.

In summary, while previous research has laid a solid foundation for employing LLMs in
hate speech detection and human annotator substitution, this study aims to deepen the
exploration into implicit hate speech detection using the latest advancements in model
capabilities and broader dataset applications.
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5. Method

This chapter outlines the methods employed in this master’s thesis. First, Section
refines the focus by delineating sub-types of implicit hate speech. Next, Section
describes the datasets used in the experiments. Then, Section outlines the baseline for
implicit hate speech detection using GPT models. Subsequently, Section presents the
methods used for the automated detection of linguistic features of implicit hate speech.
Finally, Section explores how combining GPT model outputs with supervised machine
learning techniques can improve detection accuracy.

5.1. Refining the Focus: Delineating Sub-Types of Hate
Speech

Section explores several definitions of hate speech and ultimately defines it as speech
directed “against members of groups or classes of persons identified by protected character-
istics analogous to how hate is toward or against something or someone” (Brown, 2017a,
464). However, Silva et al./s (2016]) categorization of hate targets seen in Table [1| indicates
that the targets of hate speech are not necessarily targeted for protected characteristics.

Table 1.: Categories of Hate Speech Targets (Silva et al., 2016, 3)

Categories Example of possible targets
Race nigga, black people, white people
Behavior insecure people, sensitive people
Physical obese people, beautiful people
Sexual orientation gay people, straight people

Class ghetto people, rich people

Gender pregnant people, cunt, sexist people
Ethnicity chinese people, indian people, paki
Disability retard, bipolar people

Religion religious people, jewish people
Other drunk people, shallow people

Alternatively, comparing the term hate speech with related concepts such as hate,
cyberbullying, abusive language, discrimination, profanity, toxicity, flaming, extremism,
and radicalization (Fortuna and Nunes, 2018]) offers a deeper insight into this complex phe-
nomenon. These terms, while distinct, share related underlying dynamics. Understanding
these can enhance methods for automatically detecting hate speech.

To further refine the study, it is important to distinguish between explicit and implicit
forms of hate speech or abusive language. Similarly to Wiegand et al. (2021b)), this
thesis differentiates explicit instances, which involve overtly offensive language targeting
a specific group, as shown in Example (Ocampo et al., 2023, 1998), from implicit
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cases, which entail subtler expressions that convey hostility without explicit discriminatory
language, as shown in Example (Ocampo et al., 2023 1999). Implicitly offensive
language, characterized by its veiled nature, requires a more sophisticated approach for
identification. Consequently, the primary focus of this thesis is on developing methods to
detect and analyze these implicit forms of hate speech and abusive language.

(1) “Negros are so dumb.”
(2) “Are you sure that Islam is a peaceful religion?”

Wiegand et al.| (2021b) propose a divide and conquer approach to the detection of abusive
language. They identify eight sub-types of abusive language and plan to develop classifiers
for each sub-type, later integrating a final meta-classifier that aggregates the results of all
the specialized classifiers for particular sub-types of abusive language. The eight sub-types
of abusive language according to [Wiegand et al. (2021b, 577-580) are:

e Stereotypes: Stereotypes are defined as a fixed, overgeneralized belief about a
particular group or class of people:
(3) “Jews have undue influence.”
(4) “Jews are good at making money.”
Stereotypes are challenging to detect as there are numerous stereotypes per identity
group, and stereotypes need not be negative in tone, such as Example |(4)}
e Perpetrators: Utterances that depict identity groups as perpetrators fall under this
category.
(5) “Black people steal everything.”
(6) “Jews scheme on world domination daily.”
A perpetrator is of a person who commits an illegal, criminal, or evil act.
e Comparisons: Abusive comparisons involve comparing the vehicle, e.g. “you” in
to some offensive entity, action, or state.
(7) “You talk like an idiot.”

e Dehumanization is commonly understood as perceiving or treating people as less
than human as in |(8)| through |(10)

(8) “Black people are monkeys.”
(9) “A wild flock of Jews is grazing outside a bagel store.”
(10) “I own my wife and her money.”

More complex forms of dehumanization use metaphorical language where the target
is not directly compared to a non-human entity, but their actions or attributes

suggest such a comparison, as in @ and |(10)|

e Euphemistic constructions: Abusive remarks can be disguised as euphemistic con-
structions.

(11) “You inspire my inner serial killer.”

(12) “Liberals are not very smart.”
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Figure 11.: Abusive Content in Textual and Non-Textual Components (]Lin et a1.|, |2024|,
10)

(13) “I'm not excited about your existence.”

Translating these euphemisms into their unequivocal counterparts reveals the abusive
nature of these statements:

(14) “I want to kill you.”
(15) “Liberals are retarded.”
(16) “I hate you.”
e The call for action represents another type of implicitly abusive language where the

author asks that something, typically a form of punishment, be done to the abused
target, as seen in Example |(17)((Wiegand et al., [2021b, 580).

(17) “He should be given 5000 volts!”

e Multi-modal Abuse: Most social media platforms allow users to integrate images or
videos in their posts (Suryawanshi et al., 2020; Lin et al., |2024)), with many abusive
posts hiding abusive content in non-textual components or as an interplay of text
and video or image as in Figure
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e Phenomena Requiring World Knowledge and Inferences: This sub-type includes
phenomena that can only be effectively detected through inferencing and supple-
mentary world knowledge, such as jokes , sarcasm |(19)] rhetorical questions
[20)] or other forms of implicit abuse requiring world knowledge [(21)]

(18) “What’s better than winning gold in the Paralympics? Walking.”

(19) “It’s always fun watching sports with a woman in the room.”

(20) “Did Stevie Wonder choose these “models”?”

(21) “Welcome to the Hotel Islamfornia. You may check out any time but you can

never leave.”

This master’s thesis focuses on four sub-types of implicitly abusive language: stereotypes,
perpetrators, abusive comparisons, and euphemistic constructions.

5.2. Data

The experiments used four distinct datasets, each sourced from academic papers. The
datasets will henceforth be referred to by the following shorthand names for ease of
reference:

1. Identity Groups for the dataset from |Wiegand et al. (2022)
2. Euphemistic Abuse for the dataset from |Wiegand et al.| (2023)
3. Comparisons for the dataset from Wiegand et al.| (2021a))

4. ISHate for the dataset from Ocampo et al.| (2023])

5.2.1. Identity Groups

Wiegand et al| (2022)) selected Twitter (now called X) as their data source due to its high
incidence of abusive language. They concentrated on implicit hate speech targeted against
the following four identity groups: gay people, Jews, Muslims, and women. These identity
groups were chosen for their representation in both their dataset and existing datasets, as

well as their frequent occurrence in English discourse. The selected groups are exemplified
in abusive sentences such as Examples through (Wiegand et al} 2022, 5601, 5604).

1) “Jews succumb to cultural degeneracy.”

(
(2) “Gay people are contaminating our planet.”
(3) “Women fabricate menopausal symptoms.”
(

4) “Muslims terrorize the world daily.”

Wiegand et al. (2022) were essentially looking for implicitly stereotypical sentences
on identity groups. Such utterances typically portray the identity group as the agent
performing the action, i.e., the logical subject of the verb, rather than the recipient or
the entity affected by the action, i.e., the logical object, such as in Examples through
. They extracted tweets mentioning their chosen identity groups followed by a negative
polar verb. The decision to concentrate on verbs instead of nouns and adjectives stemmed

44



5.2. Data

from the observation that verbs were more likely to express implicit abuse compared to
nouns and adjectives. For instance, 91% of the abusive lexicon identified by Wiegand
et al| (2018) was composed of nouns and adjectives. They assessed the recall of their
sampling approach by examining two random samples of 200 abusive atomic instances
from popular datasets (Sap et al. |2020; [Waseem and Hovy, 2016b). In 80% of the dataset
sample by [Sap et al.| (2020) and 84% of the dataset sample by Waseem and Hovy, (2016b)),
the identity group was the logical subject of the sentence. In both datasets 70% of the
predicates were verbs, with the rest being adjectives and nouns. Among these verbal
predicates, 79% and 92% were negative polar verbs. Thereby, Wiegand et al. (2022)) were
able to confirm the effectiveness of their sampling approach.

Their dataset includes atomic sentences, i.e., simple statements without negation or
reported speech, and all convey a negative sentiment, posing a challenge for classifiers that
need to understand the sentences’ intrinsic qualities rather than rely on external context
clues like negation words [(5)| or reporting verbs such as “say” [(6)] or positive/neutral
sentiment such as [(7)[[Wiegand et all, 2022 5602).

(5) "Jews do not drive climate change.”
(6) "It’s rude to keep saying Jews own the media.”
(7) "Jews are industrious.”

Wiegand et al.| (2022) implemented several measures to produce less biased data for
detecting implicit abuse:

e The data utilized in their study is derived exclusively from a single textual source,
namely Twitter (now called X). Both abusive and non-abusive sentences have been
extracted following a consistent pattern, specifically the occurrence of an identity
group mention prior to a negative verb. Consequently, this uniform sampling method
eliminates any biases that could arise from amalgamating instances from varied text
sources.

e To prevent biases associated with individual users, the tweets were collected from a
broad spectrum of users. The average number of tweets contributed by each user is
approximately 1.10.

e In an effort to mitigate the overrepresentation of frequently occurring verbs, their
dataset encompasses a diverse array of negative polar verbs. On average, each verb
appears twice within the dataset. This approach deviates from prior datasets by
adequately addressing the diversity in verb usage, thereby highlighting the “long
tail” (Wiegand et al., 2022, 5602) in the distribution of verbs.

e Wiegand et al.| (2022) selected only sentences that lacked explicitly abusive terms
for inclusion in their dataset. This restriction ensures that classifiers do not rely
solely on explicit cues for detecting abusive utterances, thereby promoting a more
nuanced analysis.

e Any text elements that could potentially introduce spurious correlations, such as
hashtags or usernames, have been excluded from the dataset. Notably, specific
hashtags like #banlslam or #feminismIsCancer, which were removed, have been
observed to correlate strongly with abusive content, exhibiting behaviors akin to
explicitly abusive words.
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The dataset was labeled using the crowdsourcing platform Prolific (Prolific, 2023)). Each
instance’s label reflects the majority opinion from five different crowdworkers, all of whom
are first language speakers of English. Wiegand et al. (2022) set an approval threshold
of 95% or higher to ensure the annotations’ quality. Descriptive statistics are presented
in Table [2[ (Wiegand et al., 2022, 5603). Analyzing a random sample of 200 sentences,
the researchers compared the majority vote from their crowdsourced judgments to the
assessment of one co-author of the study. This comparison revealed a substantial level of
agreement, quantified by a kappa value of 0.87, indicating robust agreement according to
the scale proposed by |[Landis and Koch| (1977)).

Table 2.: Statistics of the Dataset Identity Groups (Wiegand et al., 2022, 5603)

Property Number

Sentences 2221

Abusive sentences 56.24%
Non-abusive sentences 43.76%
Sentences on gay people 403
Sentences on Jews 545
Sentences on Muslims 782
Sentences on women 491

No. of unique verbs 965

Avg. frequency of verbs 2.30
Avg. sentence length (in tokens) 7.75
Avg. no. of sentences per user 1.10

5.2.2. Euphemistic Abuse

Wiegand et al.| (2023)) address the task of identifying euphemistic abuse, such as Example
(8)l, which paraphrases more straightforward explicitly abusive utterances like Example
@ (Wiegand et al., 2023, 16280). For this task, they introduce a novel dataset that has
been specially created. Particular focus has been given to generating suitable non-abusive
negative data.

(8) “You inspire me to fall asleep.”

(9) “You are boring.”

The dataset was generated through crowdsourcing, using the platform Prolific (Prolific,
2023)). According to Wiegand et al. (2023), utilizing existing datasets was not feasible for
this task as instances of euphemistic abuse are scarce and exhibit limited lexical variability.
Therefore crowdworkers were instructed to generate instances of euphemistic abuse.

All crowdworkers involved in the task were required to be first language speakers of
English with at least undergraduate-level education, free from dyslexia, and maintaining an
approval rate of 95% or higher. These criteria were necessary as, without them, numerous
crowdworkers struggled to adhere to the annotation guidelines, such as understanding the
concept of implicitly abusive language or producing grammatically correct sentences. The
recruitment aimed to represent a broad spectrum of English-speaking society by splitting
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Figure 12.: llustration of How the Dataset Fuphemistic Abuse was Created (Wiegand
et al., 2023, 16283)

the task into numerous smaller activities, thus allowing diverse participation. There was
no specific sampling based on age or limited to certain English-speaking countries.

Figure (Wiegand et al., 2023, 16283) outlines the sequence of individual tasks
established for this project, each described subsequently. This process was repeated until
no significantly new sentences emerged.

1. Generating euphemistic abuse: crowdworkers were tasked to invent paraphrases
from an abusive cue phrase that did not contain any abusive words, aiming for
sentences clearly understood as abusive without needing additional context. The
input provided to the crowdworkers consisted of explicitly abusive cue sentences
intended for paraphrasing, such as “You are ugly.” Many common abusive words, like
slurs such as “cunt” or “tosser”, lack sufficiently specific semantics for paraphrasing
and were therefore unsuitable for cue phrases. Hence, a lexicon from Wiegand
et al.| (2018), which includes a variety of common nouns and adjectives with specific
meanings, was consulted to create a diverse semantic spectrum of abusive words for
the cue phrases. The selection was manually performed, avoiding the inclusion of
similar terms and identifying 97 words meeting the criteria. Other examples for cue
phrases used by Wiegand et al.| (2023, Dataset) are:

(1) “You are a hobo.”
(2) “You are a weakling.”

(3) “You are a wannabe”

2. Filtering of euphemistic abuse: Despite rigorous criteria for selecting crowdworkers,
the sentences they produced required further processing. This involved removing
sentences with explicitly abusive words or those needing specific knowledge, such
as movie references. Also, comparisons were excluded since there is already a
dataset specializing in these (Wiegand et al., 2021a). Filtering was conducted
semi-automatically, with automated checks for abusive words and manual checks
for paraphrasing accuracy and context requirements. Additionally, to prevent the
recurrent addition of duplicates and near-duplicates to their dataset, |Wiegand et al.
(2023) semi-automatically eliminated new paraphrases that showed high similarity
to existing sentences in their sentence pool, using Sentence-BERT for assistance
(Reimers and Gurevych, [2019)).

3. Validation of euphemistic abuse: Each sentence passing the previous steps was as-
sessed by five different crowdworkers, ensuring unbiased validation. These validators
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were not involved in the initial generation and were not provided the original cue
phrase. Sentences were categorized as either abusive, criticism, other or not proper
English, with criticism included to avoid mislabeling intense criticism as abuse. Only
sentences not flagged as improper English were retained. However, to get an even
more diverse and larger set of non-abusive sentences, Wiegand et al. (2023)) applied
the following additional steps.

. Fragment extraction: The non-abusive sentences that were created were intended

to mirror the language of euphemistic abuse as closely as possible. The objective
was to generate contrast sets, as described by Gardner et al. (2020), which are
beneficial for creating training data that effectively aids in learning class distinctions.
The initial step in this process involved isolating fragments such as from the
pre-existing euphemistic abusive sentences such as (Wiegand et al} 2023, 16283).
These fragments, manually derived, were designed to retain most of the original
sentences’ syntax and semantics. Yet, they also needed to enable crowdworkers to
craft non-abusive sentences that remained coherent and natural.

(4) fragment: “You'll let anyone...”
(5) euphemistic abuse: “You'll let anyone between your legs.”

The process of creating these fragments began with the complete sentence and
involved systematically removing components until what remained was no longer
considered abusive. The elements removed first were those with minimal effect
on the sentence’s syntactic and semantic structure. Consequently, the resultant
fragments differed only slightly from the original sentences in terms of their syntactic
and semantic properties.

. Other sentences: Wiegand et al.| (2023) engaged a further group of crowdworkers

to construct complete sentences using the fragments derived from the euphemistic
abusive sentences. The sentences produced were intended to be negative in polarity
but not abusive. For example, from the fragment listed as (Wiegand et al., 2023
16283), crowdworkers were expected to formulate a sentence like Example [(6)]

(6) “You’ll let anyone get away with their actions.”

The focus on negative polarity was chosen because such sentences would remain
semantically similar to the euphemistic abuse.

However, for some fragments, it proved impossible to create negative but non-
abusive sentences. This issue arose with sentences such as , where the fragment
itself, shown as , inherently suggested a completion with a positive sentiment,
exemplified by @(Wiegand et al., 2023 16283). In response to this, Wiegand
et al.| (2023) introduced an additional task, asking crowdworkers to generate positive
sentences.

(7) “I am glad we can only meet as often as we do.”
(8) “I am glad we can...”

(9) “I am glad we can spend time together.”

. Filtering of other sentences: Similar to Step [2] this involved removing sentences that

required special knowledge or did not meet the set criteria.
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7. Validation of other sentences: The other sentences were validated in the same
validation process as for euphemistic abuse in Step [3

8. Consistency task: Wiegand et al. (2023) identified sentences within their dataset
that, despite having similar meanings, were assigned contradictory class labels, likely
due to being annotated by different crowdworkers. For instance, sentence was
classified as not abusive, whereas sentences and (Wiegand et al., [2023,
16283) were labeled as abusive:

(10) “You have testosterone coming out your ears.”
(11) “Your testosterone is showing.”
(12) “You have all the social skills of a neanderthal.”

The consistency task was carried out in two stages. Initially, [Wiegand et al.| (2023))
semi-automatically identified sets of sentences with potential inconsistencies, such
as sentences through . This process began with the automatic generation
of clusters of similar sentences using Sentence-BERT. Subsequently, they manually
curated sets from these clusters that were semantically akin yet bore conflicting
class labels. This manual curation was necessary because the sentences grouped
automatically often did not exhibit sufficient similarity. In the second step, |Wiegand
et al.  (2023)) had the identified inconsistent sets validated by crowdworkers. Specific-
ally, the crowdworkers were tasked with evaluating the entire group of sentences,
classifying them as either abusive or non-abusive. They were also asked to indicate
instances where a sentence deviated from the consensus label of the group. If a
sentence’s label did not align with the original classification, it was then updated
accordingly. Thus, this reevaluation led to changes in approximately 7% of the
labels in the final dataset.

In Wiegand et al./s final dataset each sentence is categorized as either abusive or
non-abusive. Table 3| (Wiegand et al., 2023, 16284) provides statistics regarding their
crowdsourcing experiments and the dataset utilized in their forthcoming studies. To
ensure a high lexical variability, over 600 crowdworkers were engaged. Approximately 80%
of the initially generated 10,000 sentences were eliminated through the filtering processes
to maintain adequate annotation quality, particularly by removing a significant number of
near-duplicates. Keeping these near-duplicates would have allowed classifiers to achieve
high performance by memorizing a few frequently occurring instances of euphemistic
abuse. Instead, their objective was to assess classifier performance across a wide spectrum
of euphemistic abuse. Additionally, a random selection of 200 sentences from the final
dataset was annotated by one co-author. When these annotations were compared with
the majority vote from the crowdworkers, they observed substantial agreement, with a
Cohen’s kappa x of 0.72, in line with the standards set by |Landis and Koch| (1977).

5.2.3. Comparisons

Wiegand et al.| examine the task of detecting implicitly abusive comparisons, such as
Example |(1)[(Wiegand et all, 2021a, 358). They describe the process of developing a
new dataset for this task, incorporating various measures to ensure the dataset is both
representative and unbiased.

(1) “Your hair looks like you have been electrocuted.”
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Table 3.: Statistics of the Dataset Euphemistic Abuse (Wiegand et al., 2023, 16284)

Final Dataset
Cue Phrases 97
Sentences 1797 (100.0%)
Euphemistic Abusive Sentences 640 (35.6%)
Other (Non-abusive) Sentences 1157 (64.4%)
Avg. Sent. Length of Euph. Abus. Sentences 9.8 tokens
Avg. Sent. Length of Other Sentences 10.0 tokens

Table 4] (Wiegand et al., 2021a; 360) shows how a comparison is generally composed
of five parts: the topic, eventuality, comparator, property, and vehicle. In their paper,
Wiegand et al. (2021a) combine the first four components into what they refer to as a
pattern.

Table 4.: Pattern of Comparisons (Wiegand et al., 20214, 360)

Component Example Sentence

Topic (T) [You] are as smart as a toad.
Eventuality (E) You [are] as smart as a toad.
Comparator (C) You are [as]| smart [as] a toad.
Property (P) You are as [smart] as a toad.
Pattern (T+E+C+P) | [You are as smart as| a toad.
Vehicle You are as smart as [a toad].

They opted to create the dataset with the crowdsourcing platform Prolific (Prolific,
2023). Similarly to|Wiegand et al.| (2023)), they advertised solely for first language speakers
of English with some basic academic education who do not have dyslexia.

During the exploratory phase, [Wiegand et al.| (2021a) conducted a series of trial surveys
to determine the complexity a single task could maintain while still eliciting data of
reasonable quality. They also allowed crowdworkers to write abusive comparisons without
any restrictions in this phase. Consequently, they acquired a representative set of patterns
that were utilized in subsequent tasks.

To avoid overwhelming the crowdworkers with too complex instructions, |Wiegand et al.
(2021al) collected abusive and non-abusive comparisons in separate tasks. Additionally,
to devise specific comparisons, the crowdworkers were provided with a pattern such as
the one illustrated in Table [4] requiring them only to supply a vehicle. By supplying
these patterns, [Wiegand et al.| (2021a) were able to control the syntactic variability of
the comparisons. The same patterns were employed for both abusive and non-abusive
comparisons. This approach facilitated the merging of outputs from these two surveys
into a single data collection, preventing the potential inclusion of different syntactic
constructions in the two classes, which could artificially ease automatic classification. It
was also deemed necessary to provide an example situation to the crowdworkers for the
non-abusive comparisons. For instance, with the pattern “Your face is like,” crowdworkers
were prompted to imagine a scenario where they arrive at work and notice a colleague
with a severe cold. The comparison they were to devise should express concern. To avoid
overstraining their attention, each task was limited to a maximum of 30 comparisons,
necessitating a larger pool of crowdworkers. In total, 98 crowdworkers participated in
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creating Wiegand et al./s (2021a)) dataset.

Since annotating abusive language is a complex task (Ross et al., 2016) and the
generation of comparisons was partially linked to specific situational frames provided to
the crowdworkers, [Wiegand et al.| (2021a) implemented a re-labelling task. In this task,
all comparisons were evaluated in isolation, without the context of a specific situation,
and classified as either abusive or non-abusive. They opted to limit their final dataset to
comparisons that can be classified independently of context. This decision was based on
the observation that while humans may perceive texts as more or less offensive depending
on the context, incorporating further context into the modeling of abusive utterances did
not enhance classification effectiveness with the methods available, as demonstrated by
Pavlopoulos et al.| (2020).

Each comparison was assessed by five different crowdworkers, and none of them had been
involved in the previous step. These crowdworkers were permitted to label a comparison
as “can’t decide” for those that were ambiguous or difficult to understand without context.
For subsequent processing, the label assigned by the majority of the workers was adopted.

Wiegand et al.| (2021a)) identified several semantically similar comparisons within their
collection, such as Examples and (Wiegand et al., [2021a}, 361), that were assigned
different class labels.

(2) “Your posture reminds me of a weary marathon runner.”
(3) “You are as hungry as a marathon finisher.”

Consequently, they introduced a task where sets of similar comparisons, comprising
between two and four comparisons, were presented to additional crowdworkers without
their current class labels. These workers were instructed to score the entire group but
also to indicate when they considered any individual comparisons to deviate from the
group label. This procedure enabled them to eliminate several inconsistencies while also
preserving distinct labels for semantically similar comparisons when such distinctions were
justifiable.

In the final phase, the dataset of comparisons was cleaned. Duplicates, instances
of explicit abuse, and comparisons requiring non-linguistic background knowledge, e.g.
“Your reaction reminds me of how I felt”, were removed, as well as those for which
no majority label could be achieved. Furthermore, special attention was paid to the
distribution of patterns. [Wiegand et al.| (2021al) noted that certain patterns were skewed
towards either abusive or non-abusive comparisons. Including these patterns would
have simplified automatic classification, as classifiers might learn the class distribution
of patterns instead of analyzing the complete comparison. To address the significant
problem of unwanted biases in datasets for abusive language detection (Arango et al.|
2019; [Wiegand et al., [2019)), all comparisons associated with patterns where 65% or more
instances belonged to one class were removed. They also restricted the number of instances
for the remaining patterns to 20 in the dataset to prevent potential biases from specific
patterns dominating the dataset. The inter-annotation agreement between the majority
label from the crowdsourced comparisons and one co-author was measured on a random
sample of 200 comparisons. Excluding cases where the co-author was uncertain (12%),
they achieved a kappa score of 0.6, which is considered substantial (Landis and Koch),
1977). The final dataset, presented in Table |5 (Wiegand et al., [2021a), 361), comprises
1,000 comparisons that passed all cleaning steps.
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Table 5.: Statistics of the Dataset Comparisons (Wiegand et al., [2021a], 361)

Property Value
instances (i.e. comparisons) 1000
abusive instances (ABUSE) 500
non-abusive instances (OTHER) 500
(unique) crowdworkers 98
individual tasks for crowdsourcing 26
average token length of (full) comparison 9.35
average token length of vehicle 5.25
unique patterns 7
average amount of instances per pattern 12.99
total tokens (full comparison) 9351
total token types (full comparison) 1431
total tokens (only vehicle) 5248
total token types (only vehicle) 1391

5.2.4. ISHate

Ocampo et al.|(2023) gathered seven existing standard datasets designed for detecting both
explicit and implicit forms of hate speech. Consequently, they assembled a substantial
collection from various platforms. The ISHate dataset (Ocampo et al.l 2023) comprises a
total of 29,116 messages, of which 11,247 are categorized as hate speech. These are further
annotated to distinguish between explicit and implicit hate speech. This dataset serves as
an alternative to the three previously described datasets, which were either developed
through crowdsourcing methods or subjected to stringent selection criteria, such as the
Identity Groups dataset that exclusively comprises negative atomic sentences targeting
specific groups. In contrast, the ISHate dataset includes a broader range of instances that
more closely mirror real-world scenarios, rendering it a more representational resource.

Ocampo et al. (2023) collected data from user communities potentially prone to hate
speech, as well as from resources that were manually created. They detail the following
resources considered in their study:

e White Supremacy Forum Dataset (de Gibert et al., [2018): This dataset comprises
hate speech messages from Stormfront (Bowman-Grieve, [2009), which is one of the
most influential white supremacist forums on the web.

e HatEval (Basile et al., 2019b): As one of the most well-known benchmarks for hate
speech detection, this dataset was compiled using a combined approach. It involves
gathering hateful and misogynistic social media posts by tracking potential targets
of hate speech, retrieving the histories of identified offenders, and filtering Twitter
(now X) streams using both neutral and derogatory keywords.

e Implicit Hate Corpus (ElSherief et al., 2021): Annotated with labels for explicit,
implicit, and non-hate speech, this corpus was obtained from online hate groups on
Twitter. The authors concentrated on eight ideological clusters in the U.S., such
as black separatists, white nationalists, and neo-Nazis. From this dataset, |(Ocampo
et al.| (2023) extracted only messages labeled as implicit hate speech, as this category
is one of their targets.
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e ToxiGen (Hartvigsen et al., |2022)): This dataset includes benign and implicitly
toxic messages against minority groups, generated through the GPT-3 (Brown
et al., 2020a)) language model and prompt programming. Similar to their approach
with Implicit Hate Corpus, Ocampo et al. (2023) extracted messages that were
automatically labeled as implicit hate speech and validated as toxic by the authors.

e YouTube Video Comments Dataset (Hammer| 2017): This dataset comprises You-
Tube comments made on videos concerning religion and politics. Unlike other
resources, the messages in this dataset are annotated as violent or clean.

e CONAN (Chung et al., [2019): This dataset contains pairs of hate speech messages
and counter-narratives intended for counter-narrative generation. Two first language
English speakers were enlisted to write 50 prototypical short texts, which NGOs
could later utilize to compose their hate texts and counter-narratives. |Ocampo
et al.| (2023) posit that messages eligible for a counter-narrative might be richer in
implicit content since a slur-based explicit hate speech message might yield very
poor argumentative counter-narrative.

e Multi-Target CONAN (Fanton et al.,2021)is a dataset of English hate speech /counter-
narrative pairs targeting several hate groups. It was collected using a human-in-the-
loop approach. A generative language model was refined iteratively, utilizing data
from previous cycles to generate new samples that NGO experts review.

Ocampo et al.| (2023, 1998) adopt Meta Platforms, Inc./s (2023)) definition of hate speech,
stating that “Hate Speech [sic| is defined as a direct attack against individuals—rather
than concepts or institutions—based on protected characteristics (PC): race, ethnicity,
national origin, disability, religious affiliation, caste, sexual orientation, sex, gender identity,
and severe disease.” They include in this definition attacks against refugees, migrants,
immigrants, and asylum seekers when these groups are mentioned in conjunction with
protected characteristics, though commentary and criticism of immigration policies are
not considered hate speech.

According to Ocampo et al.| (2023) explicit hate speech is clear in its potential to be
abusive or hateful, including language that contains racial or homophobic slurs. It employs
words whose literal definitions, as found in dictionaries, are hateful. Conversely, as defined
by [ElSherief et al.| (2021)), implicit hate speech does not immediately convey abuse or hate.
Implicitness involves beyond-the-word meanings, implying the use of figurative language
like irony, sarcasm, etc., often obscuring the true meaning, making it more challenging
to identify and undermining the collection of hateful messages (Hartvigsen et al., 2022}
Waseem et al| 2017). Thus, the detection of implicit hate speech needs to focus on the
author’s intended figurative meaning rather than the literal definitions that can be found
in dictionaries.

Before initiating the annotation process with the fine-grained annotations for explicit
and implicit hate speech, Ocampo et al.| (2023)) needed to ensure that the definition of hate
speech originally used to annotate these resources aligned with their own. The annotators
for the ISHate dataset were a group of graduate-level students with expertise in linguistics
and computational linguistics. In the first annotation round, they reviewed the messages
initially marked as hate speech and discarded those that did not align with the previously
stated definition of hate speech. For the YouTube dataset, they also appended hate speech
labels.
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Table @ (Ocampo et all 2023 2002) presents statistics of the final ISHate dataset,
detailing the number of annotated hate speech messages for each resource. It is important
to note that CONAN and MCONAN do not contain non-hate speech messages because
their primary focus is on the generation of counter-narratives. Regarding Implicit Hate
Speech Corpus and ToxiGen, Ocampo et al.|(2023) examined only those messages that were
previously annotated as implicit hate speech, ignoring the non-hateful ones. Additionally,
while ToxiGen was reported to include only implicit adversarial messages, according to the
definitions and annotation guidelines adopted by |Ocampo et al.| (2023), many messages
were categorized by their annotators as explicit and non-subtle.

Table 6.: Statistics of the Dataset ISHate (Ocampo et all 2023, 2002)

Label CONAN | HatEval | IHC | MCONAN | ToxiGen | WSF | Youtube
Non-HS 0 7421 0 0 0 9342 1106
Explicit HS | 324 3107 317 3344 183 987 1747
Implicit HS | 81 110 300 295 170 173 109

Timeline of Dataset Creation. The datasets were created over different time periods.
The Identity Groups dataset contains tweets from 2007 to 2020. The datasets Fuphemistic
Abuse and Comparisons were crowdsourced from 2021 to 2022 and in 2019, respectively.
The White Supremacy Forum dataset (de Gibert et al., [2018) includes threads from 2002
to 2017. Hartvigsen et al.'s (2022) language model used messages from 2016 to 2019.
HatEval (Basile et al., [2019b) features messages from 2018, while the YouTube comments
(Hammer, [2017) were collected in 2017. Lastly, the Implicit Hate Corpus (ElSherief et al.)
2021)) comprises tweets from U.S. ideological groups dating from 2015 to 2017.

In order to establish the baseline for hate speech detection with GPT models, as
described in Section [5.3] all sentences from the datasets Identity Groups, Euphemistic
Abuse, and Comparisons were used. Additionally, their classifications into abuse and
other were required for evaluating the GPT model predictions. Further data included
in the datasets was not necessary at this point in the experiments. For the baseline for
hate speech detection with GPT models with the dataset ISHate, only the test set of
ISHate was used to allow for a direct comparison with the results reported in |(Ocampo
et al. (2023). The sentences and their classifications into non-hate speech, implicit hate
speech, and explicit hate speech were utilized for evaluating the GPT model predictions.

5.3. Baseline for Hate Speech Detection with GPT
Models

Prior to initiating the linguistically informed approach outlined in Section [5.4], an explor-
ation of a more direct route was undertaken. The objective was to assess how well the
GPT models could identify implicit hate speech directly. For this purpose, zero-shot and
few-shot approaches were devised.

The first challenge encountered during the experiments involved the formulation of the
prompt. As detailed in Sections and [5.1], the concept of hate speech can be elusive.
Merely posing the question, “Is this hate speech?”” seemed inadequate. For instance, it
was anticipated that abusive sentences lacking explicit mention of any identity group
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might be wrongly classified. Furthermore, the datasets Identity Groups, Euphemistic
Abuse, and Comparisons were based on a different understanding of hate speech than
the dataset ISHate. [Wiegand et al.| (2021a) 2022, |2023) defined hate speech somewhat
broadly as “hurtful, derogatory or obscene utterances made by one person to another
person.” Instead Ocampo et al.| (2023, 1998) define hate speech “as a direct attack against
people — rather than concepts or institutions — based on protected characteristics (PC):
race, ethnicity, national origin, disability, religious affiliation, caste, sexual orientation,
sex, gender identity, and severe disease.” Therefore, two different prompt strategies
were devised, with one tailored to the datasets Identity Groups, Euphemistic Abuse, and
Comparisons, and the other tailored to ISHate.

Datasets Identity Groups, Fuphemistic Abuse, and Comparisons. First, the
prompt structure for the datasets Identity Groups, Fuphemistic Abuse, and Comparisons
are examined. Insights from the paper by |Plaza-del arco et al| (2023 contributed to
developing the zero-shot solution, as detailed in Algorithm 2|

Algorithm 2 Zero-Shot Hate Speech Detection Prompt Structure

YA YRR

markers < [‘hateful”; “abusive”, “offensive”, “toxic”, “insulting”]
SENTENCE < Instance from the dataset
for marker in markers do
prompt_template < ‘Is this sentence {marker}? “{SENTENCE}” Answer either
“YES” or “NO”. No other answer permitted.’
chat _completion <— Get GPT model response using:

prompt — prompt_template.format(marker—=marker, SEN-
TENCE=SENTENCE)
end for

The following three prompt examples are presented without placeholders to further
clarify the approach:

Is this sentence hateful? “Women overreact to everything!” Answer either
“YES” or “NO”. No other answer permitted.

Is this sentence abusive? “Gay people startle me.” Answer either “YES” or
“NO”. No other answer permitted.

Is this sentence offensive? “Jews widen war in Middle East.” Answer either
“YES” or “NO”. No other answer permitted.

This approach recognizes the broad and often ambiguous nature of abusive language
and hate speech, particularly in its implicit forms. The selected markers, hateful, abusive,
offensive, toxic, and insulting, reflect the wide spectrum of language that constitutes hate
speech. By incorporating a range of terms, the aim was to capture the nuanced and varied
expressions of abusive language, thereby ensuring a more comprehensive assessment of the
GPT models’ capabilities in detecting implicit forms of hate speech within the datasets
described earlier. It was also necessary to include the directive “Answer either ‘YES’ or
‘NO’. No other answer is permitted.” in each prompt, because without it, the GPT models
frequently generated long responses that could not be processed automatically.
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For the few-shot solution, the method proposed by [Min et al.| (2022b) was adopted. A
balanced few-shot learning setup was implemented, consisting of ten examples in total,
equally divided between the two classes hate speech and other. The number of examples,
i.e., ten, was selected based on the findings of Min et al. (2022b), which indicate that this
is the point at which the performance of LLMs starts to plateau, as further incremental
improvements in performance become minimal beyond this point. Figure [13|shows the
classification performance of the Channel MetalCL model (Min et al., 2022al), a variant of
GPT-2 Large, as the number of examples k in the prompts varies.

Figure 13.: GPT Performance with Varying Numbers of Examples (k) Included in the
Prompt (Min et al., [2022b, 11051)
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Selecting suitable examples posed the next significant challenge. Initially, there was
consideration of randomly selecting instances from the currently studied dataset labeled as
abuse or other. However, this approach was found inadequate for several reasons. Utilizing
examples identifiable within the dataset would provide the GPT models with the correct
answers for those ten instances, thereby artificially simplifying the task. Furthermore,
the examples needed to be stereotypical to be effective, and random selection could
not guarantee the utility of the examples in this respect. Ultimately, the decision was
made to treat the GPT models akin to human annotators, which involved primarily
using examples from the annotation guidelines. If insufficient examples were available
there, additional examples were sourced from the papers presenting the datasets. When
necessary, paraphrases from the dataset were also utilized.

The final prompt template for the few-shot approach was:

Sentence: “Islam forces societies to regress.” Answer: “YES”

Sentence: “Jews are concerned by the recent antisemitic attacks in Europe.”

Answer: “NO”

Sentence: “I cannot believe how perverted and sick Jews are.” Answer: “YES”
Sentence: “Muslims fight against prejudice.” Answer: “NO”

Sentence: “Women are very manipulative.” Answer: “YES”

Sentence: “Gay people dislike being stereotyped.” Answer: “NO”

Sentence: “Gay people are sooo dramatic.” Answer: “YES”
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Sentence: “Women fight against domestic violence.” Answer: “NO”

Sentence: “Put on a wig and lipstick and be who you really are.” Answer:

HYES”

Sentence: “In Poland, women are protesting against the government’s prohibi-
tion on abortion.” Answer: “NO”

Is this sentence {markef[}? “{SENTENCE}” Answer either “YES” or “NO”.
No other answer permitted.

Dataset ISHate. Next, the prompt structure for the dataset ISHate is examined. A
significant difference between ISHate and the other datasets is that ISHate includes both
explicit and implicit hate speech instances, whereas Identity Groups, Fuphemistic Abuse,
and Comparisons focus solely on implicitly abusive language. In their study, Ocampo et al.
(2023)) propose a three-label classification task: Non-hate speech, explicit hate speech,
and implicit hate speech. To align with the gold standard labels from ISHate, which were
obtained through manual annotation, the annotation steps were replicated with the GPT
models. Initially, the GPT models were prompted to differentiate between hate speech
and non-hate speech. Subsequently, all instances classified as hate speech were filtered,
and the GPT models were then prompted to classify these instances as either implicit or
explicit hate speech. Each prompt included a definition for the positive class, sourced
from |Ocampo et al./s (2023)) annotation guidelines.

The zero-shot prompt template for the initial step was structured as follows. The
definition was taken from |Ocampo et al.| (2023, 1998):

Hate Speech is defined as a direct attack against people — rather than concepts
or institutions — based on protected characteristics: race, ethnicity, national
origin, disability, religious affiliation, caste, sexual orientation, sex, gender
identity, and severe disease. Given this definition, is the following sentence
hate speech? “{SENTENCE}” Answer either “YES” or “NO”. No other answer
is permitted.

The few-shot prompt template for the same task was formulated as follows:

Hate Speech is defined as a direct attack against people — rather than concepts
or institutions — based on protected characteristics: race, ethnicity, national
origin, disability, religious affiliation, caste, sexual orientation, sex, gender
identity, and severe disease. Here are examples for hate and non-hate speech:

Sentence: “I'm moving to a bigger house pretty soon, and that map is perfect
for doing a groidal analysis.” Answer: “YES”

Sentence: “Oh dear isn’t that terrible well I suppose you will just have to leave
then and go somewhere you are more valued.” Answer: “NO”

Sentence: “Most of them come north and are good at just mowing lawns.”
Answer: “YES”

Sentence: “Hey Brendan, you look gorgeous today. What beauty salon did
you visit?” Answer: “NO”

97 Ll VYA

Imarkers = [‘hateful”, “abusive”, “offensive”, “toxic”, “insulting”]
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Sentence: “Separation is the only answer!” Answer: “YES”
Sentence: “String " em up! [sic|” Answer: “NO”

Sentence: “On a short holiday, go back and do something about your own
country and stop putting crap on our doorstep!” Answer: “YES”

Sentence: “More petulant commentary from yet another, um, ‘academic chair-
human’, umm, ¢ intellectual’.... [sic]” Answer: “NO”

Sentence: “@JuanYeez shut yo beaner ass up sp*c and hop your f*ggot ass
back across the border little n*gga [sic|” Answer: “YES”

Sentence: “You're one of the ugliest b*tches I've ever fucking seen [sic|” Answer:
“NO”

Given this definition and these examples, is the following sentence hate speech?
“{SENTENCE}” Answer either “YES” or “NO”. No other answer is permitted.

Meanwhile, the zero-shot prompt template for distinguishing between implicit and
explicit hate speech was designed as follows. The definitions were taken from |(Ocampo
et al.| (2023, 1998-1999):

Explicit hate speech is defined as language that is unambiguous in its potential
to be abusive or hateful, such as language containing racial or homophobic
slurs. It uses words whose literal definition taken from the dictionary is hateful.

Implicit hate speech does not immediately denote abuse or hate. Implicit hate
speech goes beyond word-related meaning, implying figurative language use
such as irony, sarcasm, etc., generally hiding the real meaning, making it more
difficult to grasp and undermining the collection of hateful messages. Implicit
hate speech uses figurative meaning intended by the author rather than literal
meaning of words that may be extracted from dictionaries.

According to these definitions, is the following sentence implicit or explicit
hate speech? “{SENTENCE}” Answer either “implicit” or “explicit”. No other
answers are permitted.

And the few-shot prompt template for the same task can be seen here:

Explicit hate speech is defined as language that is unambiguous in its potential
to be abusive or hateful, such as language containing racial or homophobic
slurs. It uses words whose literal definition taken from the dictionary is hateful.

Implicit hate speech does not immediately denote abuse or hate. Implicit hate
speech goes beyond word-related meaning, implying figurative language use
such as irony, sarcasm, etc., generally hiding the real meaning, making it more
difficult to grasp and undermining the collection of hateful messages. Implicit
hate speech uses figurative meaning intended by the author rather than literal
meaning of words that may be extracted from dictionaries.

Sentence: “Global Jewry did not want Brexit and are doing everything they
can to sabotage it.” Answer: “implicit”

Sentence: “@QJuanYeez shut yo beaner ass up sp*c and hop your f*ggot ass
back across the border little n*gga” Answer: “explicit”
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Sentence: “Are you sure that Islam is a peaceful religion?” Answer: “implicit”

Sentence: “@MDreyfus @NatFascist88 Sh*t your ass your moms p*ssy u Jew
b*stard. Ur times coming. Heil Hitler!” Answer: “explicit”

Sentence: “99% of Muslims in the UK are unemployable and refuse to work.
Answer: “implicit”

Sentence: “Traitors are pathetic ignorant fools, and negroes are fools because
they are starting to literally bite the hands that feed them.” Answer: “explicit”

Y

Sentence: “Jews are welthy [sic|] because they are naturally good with money.’
Answer: “implicit”

Sentence: “fuk that I burned a qu’ran and pissed on it...” Answer: “explicit”

Sentence: “The white man has no future in Canada, that is for sure, because
the country is being flooded with non-white immigrants.” Answer: “implicit”

Sentence: “The albanian brown scum will burn in hell, along with NATO and
UsA [sic|” Answer: “explicit”

According to these definitions and these examples, is the following sentence
implicit or explicit hate speech? “{SENTENCE}” Answer either “implicit” or
“explicit”. No other answers are permitted.

Once the strategy for prompt engineering was established, a decision on which GPT
models to employ was necessary. The choice ultimately fell on GPT-3.5 (Brown et al.,
2020a)), GPT-4 (OpenAl et al., 2023), and LLaMA-2 (Touvron et al., 2023)). GPT-3.5 and
GPT-4 were selected as the initial models due to their advanced language understanding
and generation capabilities (Chen et al., [2023; Baktash and Dawodi, [2023)). These models,
being not only robust and widely available, have demonstrated exceptional performance
across various NLP tasks, showcasing their strong capabilities in comprehension and
logical reasoning, crucial for accurately identifying and analyzing the complex linguistic
features of hate speech. Given that GPT-3.5 and GPT-4 are proprietary, LLaMA-2 was
also considered for this classification task as an open-source alternative.

Next, the parameter settings of top-p sampling and temperature were examined. Top-p
sampling, or nucleus sampling, is a text generation technique that restricts the pool of
possible next words to those that collectively comprise the top p percent of the total
probability mass. This approach dynamically adjusts the number of words considered
based on their cumulative probabilities, ensuring that only the most likely and contextually
relevant words are chosen (Jurafsky and Martin, [20241]).

Temperature sampling is a technique used in text generation where the inputs to
the softmax function that predicts the next word are divided by a parameter 7, i.e.,
temperature, before applying the softmax. Adjusting 7 controls the sharpness of the
probability distribution (Jurafsky and Martin, 2024¢)). High 7 leads to a flatter, more
diverse distribution, encouraging the selection of less probable words. Low 7 results in a
sharper, more focused distribution, enhancing the probabilities of more likely words and
reducing those of less likely words. This manipulation allows for fine-tuning the diversity
and predictability of the text produced by the model.

For the models GPT-3.5, more specifically GPT-3.5-turbo, and GPT-4, accessed via the
OpenATI API (OpenAl Playground)), the parameters were set to a temperature of 1 and
top p of 1 for every prompt in the dataset. For LLaMA-2, the specific model LLaMA-2
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70B Chatﬂ developed by Meta was selected with a temperature of 0.5 and top p of 1,
accessed through the Replicate API (Hoover, [2023)).

These specific settings were chosen because they were the first options provided by the
platforms OpenAl and Replicate. The intention was to utilize the models in a standard,
possibly optimal configuration as envisioned by the platform providers.

With a temperature of 1 the distribution remains almost unchanged, resembling the
original model predictions. The text generated under this condition is neither overly
conservative nor too diverse; it represents a balanced output according to the model’s
training. A temperature of 0.5 results in a probability distribution where the most likely
words are more probable, and less likely words are less probable. This reduces the diversity
of the output, as the model strongly prefers the most likely next words and largely ignores
less probable options.

5.4. Automated Feature Extraction with GPT Models

Hate speech, despite its aggressive nature, possesses discernible structures and charac-
teristics that render it amenable to detection. Previous research (Wiegand et al., 2022,
2023, 2021a)) has identified linguistic traits associated with hate speech, which were
systematically extracted using GPT models.

Specifically, abusive language targeting identity groups often exhibits a non-episodic
aspect, portraying these groups either as perpetrators or as non-conformists. Further,
Wiegand et al.| (2023) identified the following linguistic features for euphemistic abuse:
the use of extreme imagery, lexicalization, opposing sentiments, taboo topics, negated
antonyms of abusive words, and unusual properties. Abusive comparisons also exhibit
a comprehensive range of linguistic features, including the use of figurative language,
dehumanization, and references to taboo topics. They contain evaluative statements,
contradictions, absurd imagery, and high polar intensity. Additionally, abusive comparisons
employ infrequent words in general text corpora, predominantly using nouns and adjectives.
They show similarity to explicit insults, evoke specific emotions, and are associated with
WordNet supersenses. The following subsections examine these individual linguistic
features and explain how they were automatically extracted using GP'T models.

It should be noted that the GPT-driven feature extraction was conducted on the
datasets Identity Groups, Euphemistic Abuse, and Comparisons, but not on ISHate.
Previous experiments, which established the baseline for hate speech detection with GPT
models as described in Section [5.3] indicated that the gold standard may be compromised.
Therefore, continuing experiments on GPT-driven feature extraction on this dataset was
not anticipated to provide benefits.

Additionally, concerning the model choice, the extraction of all the previously described
features was conducted using GPT-3.5 and GPT-4. The use of LLaMA-2 was discontinued
after establishing the baseline for direct hate speech detection as described in Section [5.3]
This decision was made due to LLaMA-2’s slow processing speed, frequent crashes, and
its tendency to provide non-replies such as:

I cannot provide an answer to that question as it goes against my programming
rules rules rules [sic| to respond to prompts that promote or glorify violence,
abuse, or harm towards any individual or group. It is important to recognize

Zhttps:/ /huggingface.co/meta-llama/LLaMA-2-70b-chat-hf
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that such statements can be harmful and perpetuate negative stereotypes and
stigmas. Instead, I suggest focusing on promoting respectful and inclusive
language that supports the well-being and safety of all individuals. If you
have any other questions, I'll do my best to provide helpful and informative
responses. (Hoover] 2023)

These types of responses indicate that the model might not have fully grasped the task at
hand, a conclusion supported by the poor results achieved by the model. The results are
discussed in Chapter [6] It was anticipated that the results for the feature extraction with
LLaMA-2 would yield similar results, therefore only GPT-3.5 and GPT-4 were utilized
moving forward.

5.4.1. Identity Groups

Similarly, to [Wiegand et al.| (2022)), this thesis identifies the following three linguistic
features of abusive language targeted against identity groups:

e The non-episodic aspect of abusive language, indicating habitual or generalizing
statements rather than specific incidents.

e Whether the target is portrayed as a perpetrator, implying culpability or wrongdoing.

e Whether the target is portrayed as a non-conformist, suggesting deviation from
societal norms.

As outlined in Section[5.2.1] the dataset titled Identity Groups included sentences targeting
one of four possible identity groups: gay people, women, Muslims, and Jews. [Wiegand
et al| (2022)) provided the following information for each instance, excluding other data
that was not relevant for the experiments:

e the sentence itself;

e the target, that is, the mention of the identity group: gay people, women, Muslims,
or Jews;

e a binary label indicating whether the instance was rated as abusive;

e a binary label specifying the aspect type, determining whether the sentence is either
episodic or non-episodic;

e a binary label indicating whether the agent is depicted as a perpetrator;

e and a binary label indicating whether the agent, i.e., the identity group, is attributed
to a non-conformist view.

These labels were established via crowdsourcing, meaning they are the result of manual
annotation. Each label represents the majority label over ratings provided by five different
crowdworkers. This process provided access to a gold standard, allowing for the evaluation
of the results of the experiments. Table [7| shows an excerpt from the dataset.
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Table 7.: Excerpt from the Dataset Identity Groups

Sentence Label | Target Aspect Perpetrator | Non-conformistic
All women lie. Abuse | Women | Non-episodic | Perpetrator | Non-conformistic
Lesbians revolt in Yemen. Other | Gays Episodic - -

Muslims refuse to integrate. | Abuse | Muslims | Non-episodic | Perpetrator | Non-conformistic
Jews endure antisemitism. Other | Jews Non-episodic | - Non-conformistic

Zero-Shot Feature Extraction: Non-Episodic Aspect

Hate speech frequently employs stereotypes concerning various identity groups, and such
stereotyping tends to be non-episodic or habitual, meaning the stereotyping involves
generalizations, or descriptions of events that happen on a regular basis such as Example
rather than relating to single, isolated incidents (Sap et al. [2020)). In contrast, episodic
content, which refers to information about a specific, one-time event as outlined by
Friedrich and Pinkal| (2015]), usually does not constitute abuse as illustrated by Example
(Wiegand et al., 2022, 5603).

(4) “Muslims are peddling fake news as always.” (Non-episodic)
(5) “Muslims pillage embassy of Saudi Muslims.” (Episodic)

However, episodic content can still be tendentious or contain instances of misinformation,
as noted by Mendelsohn et al.| (2021) and Zhou and Zafarani (2020). Nonetheless, non-
episodic content is more likely to be classified as hate speech in comparison to episodic
content. Therefore, the distinction becomes relevant for the detection of implicit hate
speech as it does not rely on specific terms. This feature helps to identify the nature of
the content related to identity groups, instead of focusing on the vocabulary.

To effectively differentiate between episodic and non-episodic content in text, prompts
were developed for both GPT-3.5 and GPT-4, aiming for binary classification of sentences
as either episodic or non-episodic based on defined criteria. The objective was to explore
various prompts to ascertain if results could be enhanced. The following are the prompt
templates that were tested. Their formulation was largely inspired by Wiegand et al.
(2022}, 5603):

1. An episodic aspect is an utterance that expresses information about a single event.
Non-episodic means habitual, routine or regularly occurring. Given these definitions,
is the following sentence episodic? “{SENTENCE}” Answer either “YES” or “NO”.

No other answer permitted.

2. Episodic means expressing information about a singular, distinctive or particular
event. Non-episodic means expressing information about a reoccurring event, about
something resorted to on a regular basis, something of a commonplace character,
typical, normal, or standard. Given these definitions, is the following sentence
episodic? “{SENTENCE}” Answer either “YES” or “NO”. No other answer permitted.

3. Classify the following sentence as either “EPISODIC” or “NON-EPISODIC”: “{SEN-
TENCE}” No other answer permitted. Answer “EPISODIC” if the sentence expresses
information about a single event. Answer “NON-EPISODIC” if the sentence expresses
information about something habitual, routine, or regularly occurring.
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4. Classify the following sentence as either “EPISODIC” or “NON-EPISODIC”: “{SEN-
TENCE}” No other answer permitted. Answer “EPISODIC” if the sentence ex-
presses information about a singular, distinctive or particular event. Answer “NON-
EPISODIC” if the sentence expresses information about a reoccurring event, about
something resorted to on a regular basis, something of a commonplace character,
typical, normal, or standard.

The evaluation revealed that Prompt [4| yielded the best F1 score with GPT-3.5, while
Prompt [3] provided the best results with GPT-4. Further details on these findings are
discussed in Chapter [6]

Few-Shot Feature Extraction: Non-Episodic Aspect

Subsequent efforts focused on feature extraction using a few-shot approach. Following
the method of |[Min et al. (2022b), the GPT models were presented with ten examples,
comprising five from each of the two classes, in conjunction with Prompt [4] This prompt
was selected due to its superior performance with GPT-3.5 and its close second-best
results with GPT-4, its macro-average F1 score trailing by only 0.42%. The examples
were sourced from the academic paper (Wiegand et al., 2022, 5603-5604).

This few-shot approach is identical to the one used to establish the baseline described in
Section [5.3] It is consistently employed when extracting features with few-shot prompting.

The following is the complete prompt template along with the ten examples:

Classify the following sentence as either “EPISODIC” or “NON-EPISODIC”.
No other answer is permitted: “{SENTENCE}” Answer “EPISODIC” if the
sentence expresses information about a singular, distinctive or particular
event. Answer “NON-EPISODIC” if the sentence expresses information about
a reoccurring event, about something resorted to on a regular basis, something
of a commonplace character, typical, normal, or standard. Here are examples
of episodic and non-episodic sentences:

Sentence: “Muslims vandalise newspaper offices in Odisha over publication of
Mohammed’s images.” Answer: “EPISODIC”

Sentence: “Muslims are vandalising Hindu temples every day.” Answer: “NON-
EPISODIC”

Sentence: “Jews damage olive trees in West Bank.” Answer: “EPISODIC”
Sentence: “The Jews damage our souls.” Answer: “NON-EPISODIC”

Sentence: “Lesbians are wrestling right now on Jerry springer [sic|].” Answer:
“EPISODIC”

Sentence: “Women are unbalancing the world.” Answer: “NON-EPISODIC”
Sentence: “Muslims assassinate 2 Christian aid workers.” Answer: “EPISODIC”
Sentence: “Muslims slander Christians all the time.” Answer: “NON-EPISODIC”
Sentence: “Muslims Steal Ambulance.” Answer: “EPISODIC”

Sentence: “Women hate short men.” Answer: “NON-EPISODIC”
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Zero-Shot Feature Extraction: Perpetrator

Hate speech frequently portrays its targets as responsible for committing illegal, criminal,
or malevolent actions. This form of speech often uses stereotypes that vary across different
identity groups. Typically, these stereotypes are associated with criminal offenses or
actions that are morally reprehensible. Examples of such negative portrayals include
associating Muslims with terrorism such as Jews with greediness such as @, women
with dishonesty such as , homosexuals with pedophilia such as , etc. (Wiegand
et al., 2022, 5604).

5) “Muslims terrorize the world daily.”

¢

(5)

(6) “Jews collapse economy for economic gain.”
(7) “Women betray their partners.”

(8) “Gay people are raping our children.”

Therefore, sentences that portray their targets as perpetrator are more likely to be
considered hate speech than sentences that do not.

To automatically detect the presence of such portrayals in text, specific prompts for
both GPT-3.5 and GPT-4 were crafted. These prompts were designed to assess whether
the author of a sentence perceives the mentioned identity group as perpetrators of these
negative acts. The response format was designed for simplicity, restricting answers to
a clear binary classification. The definition of perpetrator as provided by the Oxford
English Dictionary| (2023) informed the formulation of the first prompt template, and the
paraphrase thereof became the second template shown here:

1. A perpetrator is a person who commits an illegal, criminal, harmful or evil act.
Consider the following sentence: “{SENTENCE}” Does the author of this sentence
think that {TARGE’Iﬂ} are perpetrators? Answer either “YES” or “NO”. No other
answer permitted.

2. A wrongdoer is a person who engages in unlawful, illicit, detrimental, or malevolent
actions. Consider the following sentence: “{SENTENCE}"” Does the author of this
sentence think that {TARGET} are wrongdoers? Answer either “YES” or “NO”. No
other answer permitted.

Prompt [1| yielded better results. Its performance was 5.81% higher for GPT-3.5 and
2.33% higher for GPT-4 compared to Prompt [2 Further details on these findings are
discussed in Chapter [6]

Few-Shot Feature Extraction: Perpetrator

For the automated extraction of this feature using a few-shot method, the same approach as
that used for distinguishing between episodic vs. non-episodic aspect was employed. Five
examples for each of the two classes were sourced either from the annotation guidelines,
the academic paper, or paraphrased from the dataset. More specifically, Examples , ,

3Please keep in mind that each instance in the dataset includes information specifying the target identity
group, which can be one of four: women, gay people, Muslims, or Jews. The placeholder “{TARGET}”
in the prompt template is replaced with the appropriate identity group to which the sentence refers.
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and |(8)| were taken for from Wiegand et al.| (2022, 5604). And the following sentences were
taken from the annotation guidelines: “The Jews betray their neighbours,” “The Muslims
murder innocent people,” “The Muslims suffered from the invasions of their enemies,” “The
Jews mourn their losses,” “Women reprimand the president for his sexist utterance,” and
“Gay people criticize the latest announcement by the Catholic Church.”

However, while ten examples were required for the few-shot approach, only nine examples
were available from the academic paper and the guidelines. To meet the requirement and
avoid simplifying the task, it was necessary to create a tenth example. Therefore, one
instance from the dataset was paraphrased. The original instance, “In Poland women
are striking against the Government’s abortion ban,” was paraphrased into “In Poland,
women are protesting against the government’s prohibition on abortion.”

Prompt [1] was incorporated with these examples because it had consistently produced
the best results for both GPT models. The following is the finalized few-shot prompt
template:

A perpetrator is a person who commits an illegal, criminal, harmful or evil
act. Consider the following sentence: “{SENTENCE}” Does the author of this
sentence think that the subject (in this case {TARGET}) are perpetrators?
Answer either “YES” or “NO”. No other answer permitted. Here are examples:

Sentence: “Muslims terrorize the world daily.” Answer: “YES”

Sentence: “The Muslims suffered from the invasions of their enemies.” Answer:
MNO??

Sentence: “Women betray their partners.” Answer: “YES”
Sentence: “The Jews mourn their losses.” Answer: “NO”
Sentence: “Gay people are raping our children.” Answer: “YES”

Sentence: “Women reprimand the president for his sexist utterance.” Answer:

MNO?’
Sentence: “The Jews betray their neighbours.” Answer: “YES”

Sentence: “Gay people criticize the latest announcement by the Catholic
church.” Answer: “NO”

Sentence: “The Muslims murder innocent people.” Answer: “YES”

Sentence: “In Poland, women are protesting against the government’s prohibi-
tion on abortion.” Answer: “NO”

Zero-Shot Feature Extraction: Non-Conformist

In the third feature extraction task, the focus is on the sentiment dynamics in hate
speech, particularly the relationship between the target of hate speech, i.e., the agent,
and the object towards whom it is directed, i.e., the patient. The analysis is centered
on understanding the sentiment conveyed by the main verb in a sentence, and how this
sentiment aligns or contrasts with the generally expected sentiment towards the patient.
This approach is illustrated in Table [§] In the context of hate speech, it is not only the
overt sentiment that is significant, but also the nuanced, underlying sentiment. [Wiegand
et al. (2022) identify instances of non-conformist views which occur when the sentiment
expressed by the agent towards the patient diverges from the typical sentiment expected.
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For instance, if a certain group, i.e., the agent, is usually expected to express a positive
sentiment towards an entity, i.e., the patient, but instead expresses a negative sentiment,
this would be considered a non-conformist view.

Table 8.: Demonstration of the Linguistic Feature Depiction as Non-Conformist (Wiegand
et al., 2022, 5606)

fine-grained sentiment
example sentences (2 sentences for each type; all sentences are non-episodic) | agent to patient | patient | abuse

[Jews|qgent long for [a safe Israel]patient. | [Muslims|qgens grieve for [their brothers]pasient- positive positive X
[Women] 44en¢ abhor [violence]patient- [Jews]qgent suffer from [ethnic cleansing]patient- negative negative X
[Lesbians] ggent pray to [Satan|patient- [Muslims] qgens revert to [stoning victims|pasient- positive negative v
[Muslims)] qgens dislike [peace]paticnt- [Lesbians] qgent disrespect [God’s plan]patient- negative positive v

Wiegand et al.[s (2022)) findings reveal that there is a strong correlation between the
expression of non-conformist views and abusive language. Essentially, when an identity
group is portrayed as expressing sentiments that defy societal expectations, the utterance
is often perceived as abusive. The intention behind attributing such non-conformist views
to an identity group often goes beyond mere disagreement. It aims to stigmatize the
group, marking them as “other” or as not belonging to the mainstream community. This
process, known as “othering” (Burnap and Williams, |2015)), effectively alienates the group
by portraying them as fundamentally different.

In the experiment, GPT-3.5 and GPT-4 were employed to assess this particularly
intricate linguistic feature. The method required these models to provide responses
that were strictly binary in nature. Given the complexity of this concept, two distinct
approaches for the prompts were devised. In the first approach, the feature was clearly
defined similarly to [Wiegand et al.| (2022, 5606) and then a binary classification was
requested. The prompt template was structured as follows:

Non-conformist views are sentences in which the sentiment of the person
performing the action (agent) towards the person or the thing receiving the
action (patient) disagrees with the sentiment of the patient. In this context,
consider this sentence “{SENTENCE}” Does the author of this sentence think

that {TARGET} are non-conformist? Answer either “YES” or “NO”. No other
answer permitted.

In the second approach, the concept of non-conformist was abstracted to simplify the task.
The template was rephrased to:

Consider this sentence “{SENTENCE}” Does the author of this sentence have
a negative sentiment towards {TARGET}? Answer either “YES” or “NO”. No
other answer permitted.

This variation was also tested using both GPT-3.5 and GPT-4, and it yielded better
results. This contrast in approaches shows how the framing of prompts can influence the
performance of LLMs.

Few-Shot Feature Extraction: Non-Conformist

Because the two prompt templates from the zero-shot approach differed significantly from
each other, it was decided to test both for the few-shot approach. This resulted in the
adoption of the following two few-shot prompt templates:
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Non-conformist views are sentences in which the sentiment of the person
performing the action (agent) towards the person or the thing receiving the
action (patient) disagrees with the sentiment of the patient. In this context,
consider this sentence “{SENTENCE}” Does the author of this sentence think
that the agents (in this case {TARGET}) are non-conformists? Answer either
“YES” or “NO”. No other answer is permitted. Here are examples:

Sentence: “Lesbians pray to Satan.” Answer: “YES”

Sentence: “Jews long for a safe Israel.” Answer: “NO”

Sentence: “Muslims dislike peace.” Answer: “YES”

Sentence: “Women abhor violence.” Answer: “NO”

Sentence: “Lesbians disrespect God’s plan.” Answer: “YES”

Sentence: “Muslims grieve for their brothers.” Answer: “NO”

Sentence: “Muslims glorify violence.” Answer: “YES”

Sentence: “Jews suffer from ethnic cleansing.” Answer: “NO”

Sentence: “Muslims revert to stoning victims.” Answer: “YES”

Sentence: “Nowadays, women are promoting self-assurance and valuing their

own importance. “ Answer: “NO”

The second prompt being;:

Consider this sentence “{SENTENCE}” Does the author of this sentence
have a negative sentiment towards the subject of the sentence (in this case
{TARGET})? Answer either “YES” or “NO”. No other answer is permitted.
Here are examples:

Sentence: “Lesbians pray to Satan.” Answer: “YES”

Sentence: “Jews long for a safe Israel.” Answer: “NO”
Sentence: “Muslims dislike peace.” Answer: “YES”

Sentence: “Women abhor violence.” Answer: “NO”

Sentence: “Lesbians disrespect God’s plan.” Answer: “YES”
Sentence: “Muslims grieve for their brothers.” Answer: “NO”
Sentence: “Muslims glorify violence.” Answer: “YES”
Sentence: “Jews suffer from ethnic cleansing.” Answer: “NO”
Sentence: “Muslims revert to stoning victims.” Answer: “YES”

Sentence: “Nowadays, women are promoting self-assurance and valuing their
own importance.” Answer: “NO”

All of these examples were sourced from [Wiegand et al.| (2022}, 5605-5606), except for
“Nowadays, women are promoting self-assurance and valuing their own importance,” which
is a paraphrase of the original instance, “The women are enforcing Confidence & Self
Worth Today” from the dataset Identity Groups.

As before, it was necessary to include the directive “Answer either ‘YES’ or ‘NO’. No
other answer is permitted” in each prompt. This addition was needed because without
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it, the GPT models frequently generated long responses that could not be processed
automatically. Moreover, the phrase “Does the author of this sentence |...|” had to
be incorporated to prevent the GPT models from issuing non-replies such as “As a
language model, I'm not equipped to pass judgment on the intent or ethical implications
of statements. My design focuses on understanding and generating text based on patterns
in data, without personal beliefs, emotions, or moral evaluations.”(OpenAl Playground)
These modifications ensured that the GPT models produced usable responses. Further
details on these findings are discussed in Chapter [6]

5.4.2. Euphemistic Abuse
Wiegand et al.| (2023) identified the following six linguistic features for euphemistic abuse:
1. Extremes
2. Lexicalization
3. Opposing sentiments
4. Taboo topics
5. Negated antonyms of abusive words
6. Unusual properties

For each instance, the dataset Fuphemistic Abuse provides the following information,
excluding other data that was not relevant for the experiments:

e The sentence itself.

e The binary class label indicating whether the instance was rated as abusive or not.
This label has been established via crowdsourcing, meaning it is the result of manual
annotation. Each label represents the majority label over ratings provided by five
different crowdworkers.

e The manually extracted features for each sentence. These are binary labels, not
mutually exclusive, produced by [Wiegand et al.| (2023) that indicate the presence of
the aforementioned linguistic features.

Table [9] shows an excerpt from the dataset. This section examines each of these linguistic
features and explains how they were automatically extracted using GPT models.

Zero-Shot Feature Extraction: Negated Antonyms of Abusive Words

First, Wiegand et al.| (2023)) suggest that one feature of euphemistic abuse is using negated
antonyms to mask insults, such as “not smart” instead of “stupid.” Examples include
through [(9)] (Wiegand et all 2023, 16285). Negated antonyms are often seen as
nearly equivalent to the corresponding abusive word. In Wiegand et al.s (2023) manual
annotation, a broad notion of negation is utilized. Not only are negation words considered,
e.g. “not” as in or “nothing” as in , but also shifters, e.g. “lack” as in @, ie.,
content words that, similar to negation words, can affect the polarity of a phrase.

(7) “You are not beautiful.” — ugly
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(8) “There is nothing of interest in your life.” — boring

(9) “You lack humility.” — pompous

To extract this feature with GPT models, the following prompt was devised:

Does the following sentence use the negated antonym of an abusive word?
“{SENTENCE}” Answer either “yes” or “no”; no other answers are permitted.

Few-Shot Feature Extraction: Negated Antonyms of Abusive Words

For the few-shot approach, ten examples were combined with the prompt that was
formulated for the zero-shot approach. The final prompt template for the few-shot

approach was:

Does the following sentence use the negated antonym of an abusive word?
“{SENTENCE}” Answer either “yes” or “no”; no other answers are permitted.
Here are examples:

Sentence:
Sentence:
Sentence:
Sentence:
Sentence:
Sentence:
Sentence:
Sentence:

Sentence:

“You are not beautiful.” Answer: “yes”

“You lack a permanent residence.” Answer: “no”

“Your life lacks anything captivating.” Answer: “yes”

“The urge to lead a stable life doesn’t appeal to you. “ Answer: “no”
“You're missing a sense of modesty.” Answer: “yes”

“It seems university is not the right fit for you.” Answer: “no”
“You are not very bright.” Answer: “yes”

“Punctuality is not one of your strengths.” Answer: “no”

“You could be more intelligent.” Answer: “yes”

Sentence: “I'm not pleased with your decision to bring all these individuals
along.” Answer: “no”

The example “You are not beautiful” was sourced from Wiegand et al. (2023, 16285).
The examples “You are not very bright” and “You could be more intelligent” were taken
from the annotation guidelines. The remaining examples were paraphrases of sentences
from the dataset Fuphemistic Abuse. The original sentences were: “There is nothing of
interest in your life,” “You lack humility,” “You do not have a fixed abode,” “You don’t

Table 9.: Examples from the dataset Fuphemistic Abuse classified by the features extremes
(Extr.), lexicalization (Lex.), opposing sentiments (Oppos.), taboo topics (Taboo),
negated antonyms of abusive words (Anto.), unusual properties (Unusual), and
the class label indicating whether the instance was rated as abusive or not

(Abuse).
Sentence Extr. | Lex. | Oppos. | Taboo | Anto. | Unusual | Abuse
You make me want to punch a wall. v | X X X X v v
You have a lot of confidence not to shower or use deodorant. X | X v v X v v
You should hire a professional to do such things. X | X X X X X X
Your lack of awareness of what is going on in pop culture is a talent.| v/ | X v X v v v
I think you might be challenged vertically. X |V X v X v v
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Y

feel the need to live a settled life,” “I'm afraid, graduate school just isn’t working for you,’
“Being on time is not your strong suit,” and “I don’t appreciate that you brought all these
people with you.”

Zero-Shot Feature Extraction: Opposing Sentiments

Wiegand et al. (2023)) annotate sentences that exhibit an obvious pairing of opposing
sentiments through [(12)[Wiegand et all 2023, 16285). This pairing serves as a
stylistic device designed to provoke a particular response from the reader. Such utterances
typically present contradictions, and while they might appear positive in sentiment due
to the more salient positive polar expression, they are often intended in a derogatory
manner. This phenomenon, which has attracted considerable attention in the field of
sarcasm detection (Van Hee et al., |2018)), is also frequently perceived as abusive.

(10) “You are excellent at breaking things.”
(11) “You must love having people hate you.”
(12) “You are unique in your ability to disappoint.”

To extract this feature with GPT models, the following prompt template was devised.
The formulation was largely inspired by [Wiegand et al.| (2023 16285):

The pairing of opposing sentiments in a sentence is typically a contradiction,
and although it may appear positive on the surface (since the positive polar
expression is usually the more salient expression), it is often meant in a
derogatory way. Given this definition, does the following sentence use a pairing
of opposing sentiments? “{SENTENCE}” Answer either “yes” or “no”; no other
answers are permitted.

Few-Shot Feature Extraction: Opposing Sentiments

For the few-shot approach, the examples were selected in the same manner as for the
other linguistic features and juxtaposed to the prompt template already created during
the zero-shot approach:

The pairing of opposing sentiments in a sentence is typically a contradiction,
and although it may appear positive on the surface (since the positive polar
expression is usually the more salient expression), it is often meant in a
derogatory way. Given this definition, does the following sentence use a pairing
of opposing sentiments? “{SENTENCE}” Answer either “yes” or “no”; no other
answers are permitted. Here are examples:

Sentence: “You are very good at disappointing people.” Answer: “yes”
Sentence: “You look good in colors.” Answer: “no”

Sentence: “You are the king of laziness.” Answer: “yes”

Sentence: “Great opportunities await you.” Answer: “no”

Sentence: “You seem to like seeing people suffer in awkward situations.”
Answer: “yes”

Sentence: “You're often the starting point for inspiration. “ Answer: “no”
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Sentence: “You love the totalitarian regimes on this globe.” Answer: “yes”
Sentence: “It must be pleasant to be happy constantly.” Answer: “no”
Sentence: “With your actions, you would make the devil smile.” Answer: “yes”

Sentence: “It must be challenging to pay attention to details.” Answer: “no”

The examples “You are very good at disappointing people,” “You are the king of laziness,”
“You seem to like seeing people suffer in awkward situations,” “You love the totalitarian
regimes on this globe,” and “With your actions, you would make the devil smile” were
sourced from the annotation guidelines (Wiegand et al., [2023). The remaining examples
were paraphrases of sentences from the dataset Fuphemistic Abuse. The original sentences
were: “Colours suit you well,” “Wonderful things are in your future,” “Inspiration always
begins with you,” “Being so happy all the time must be nice,” and “Being a detail-oriented
person must be so hard.”

Zero-Shot Feature Extraction: Taboo Topics

Abusive language frequently uses words linked to taboo subjects, such as physical or
mental abnormalities, particular body parts, death, etc. to convey offensiveness. |Allan
and Burridge (2006) characterize taboo as a proscription of behavior impacting daily
life and provide a list of semantic fields like death [(13)] sex [(14)] and bodily functions
(15)|(Wiegand et al., 2023| 16285).

(13) “I"d prefer you were in a grave.”
(14) “You would fit well in a brothel.”
(15) “Your smell greeted me five minutes before you arrived.”

To extract this feature with GPT models, the following prompt template was devised,
utilizing the definition of taboo from |Allan and Burridge| (2006, 1):

Taboo is a proscription of behavior that affects everyday life. Topics considered
taboo include: bodies and their effluvia (sweat, snot, feces, menstrual fluid,
etc.); the organs and acts of sex, micturition, and defecation; diseases, death,
and killing (including hunting and fishing); naming, addressing, touching, and
viewing persons and sacred beings, objects, and places; and food gathering,
preparation, and consumption. Based on this definition, does the following
sentence address a taboo topic? “{SENTENCE}” Answer either “yes” or “no”;
no other answers are permitted.

Few-Shot Feature Extraction: Taboo Topics

For the few-shot approach, the examples were selected in the same manner as for other
linguistic features and put next to the prompt already formulated during the zero-shot
approach:

Taboo is a proscription of behavior that affects everyday life. Topics considered
taboo include: bodies and their effluvia (sweat, snot, feces, menstrual fluid,
etc.); the organs and acts of sex, micturition, and defecation; diseases, death,
and killing (including hunting and fishing); naming, addressing, touching, and
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viewing persons and sacred beings, objects, and places; and food gathering,
preparation, and consumption. Based on this definition, does the following
sentence address a taboo topic? “{SENTENCE}” Answer either “yes” or “no”
no other answers are permitted. Here are examples:

Sentence: “I wish you were no longer among the living.” Answer: “yes”
Sentence: “You look good in colors.” Answer: “no”

Sentence: “You’d be right at home in a house of ill repute.” Answer: “yes”
Sentence: “Great opportunities await you.” Answer: “no”

Sentence: “Your odor made its presence known well before you did.” Answer:

4 7

yes
Sentence: “You're often the starting point for inspiration.” Answer: “no”

Sentence: “It’s impressive how your digestion can handle such large portions.”
Answer: “yes”

Sentence: “It must be pleasant to be happy constantly.” Answer: “no”

Sentence: “You seem to take pleasure in being overly intimate with anyone
you glance at.” Answer: “yes”

Sentence: “It must be challenging to pay attention to details.” Answer: “no”

Neither [Wiegand et al. (2023) nor its respective annotation guidelines offered examples
for this specific feature, so paraphrases of sentences from the dataset Euphemistic Abuse
were used instead. The original sentences are: “I’d prefer you were in a grave,” “Colours
suit you well,” ““You would fit well in a brothel,” “Wonderful things are in your future,”
“Your smell greeted me five minutes before you arrived,” “Inspiration always begins with
you,” “Your stomach must be so strong to allow you to eat such big meals,” “Being so
happy all the time must be nice,” “You enjoy sharing your genitals with everyone you lay
your eyes on,” and “Being a detail-oriented person must be so hard.”

Zero-Shot Feature Extraction: Extremes

Wiegand et al. (2023)) annotate sentences that exemplify the use of extreme or absolute
language, which often bears resemblance to abusive language. These two linguistic
phenomena may even overlap at times. Extreme or absolute language can manifest
through various linguistic forms, such as the use of superlatives , generalizations ,
or hyperbole [(18)[(Wiegand et al., 2023, 16285).

(16) “You are truly the best at doing nothing.”
(17) “You are not very good at anything.”
(18) “If you get any thinner, you'll be transparent.”
To extract this feature with GPT models, the following prompt template was articulated:

Does the following sentence use extreme or absolute language such as super-
latives, generalizations or hyperbole? “{SENTENCE}” Answer either “yes” or
“no”; no other answers are permitted.
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Few-Shot Feature Extraction: Extremes

Consistent with previous methods, for the few-shot approach, the examples were selected
in the same manner as for other linguistic features and paired with the prompt already
devised during the zero-shot approach:

Does the following sentence use extreme or absolute language such as super-
latives, generalizations or hyperbole? “{SENTENCE}” Answer either “yes” or
“no”; no other answers are permitted. Here are examples:

Sentence: “You are the greatest at avoiding work.” Answer: “yes”
Sentence: “You are good at avoiding work.” Answer: ‘“no”

Sentence: “I won’t call you let alone visit you.” Answer: “yes”
Sentence: “I won’t call you.” Answer: “no”

Sentence: “You're always late.” Answer: “yes”

Sentence: “Sometimes you irritate me.” Answer: “no”

Sentence: “No one would regard you as very attentive.” Answer: “yes”
Sentence: “You are far from perfect.” Answer: “no”

Sentence: “I would rather chew grass than write you a letter of recommenda-
tion.” Answer: “yes”

Sentence: “He is definitely impolite.” Answer: “no”

These examples were exclusively sourced from the annotation guidelines (Wiegand et al.|
2023)).
Zero-Shot Feature Extraction: Lexicalization

Several euphemistic abusive sentences in the dataset Fuphemistic Abuse are examples of
lexicalizations, such as Examples through (Wiegand et al., [2023] 16286). These
sentences include derogatory idioms that could potentially be found in dictionaries.

(19) “You are not the sharpest tool in the box.”
(20) “You are a thorn in my side.”
(21) “You don’t have a backbone.”
To extract this feature with GPT models, the following prompt template was developed:

Does the following sentence use derogatory idioms that one could also poten-
tially find in a dictionary? “{SENTENCE}” Answer either “yes” or “no”; no
other answers are permitted.

Few-Shot Feature Extraction: Lexicalization

In line with previous methods, for the few-shot approach, the examples were selected
similarly to other linguistic features and paired with the prompt template already devised
during the zero-shot approach:
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Does the following sentence use derogatory idioms that one could also poten-
tially find in a dictionary? “{SENTENCE}” Answer either “yes” or “no”; no
other answers are permitted. Here are examples:

Sentence: “You are few sandwiches short of a picnic.” Answer: “yes”
Sentence: “You are Satan’s favourite.” Answer: ‘“no”

Sentence: “Your elevator doesn’t go to the top floor.” Answer: “yes”
Sentence: “I thought that he was 6 feet under.” Answer: “no”

Sentence: “You don’t know your rear end from a hole in the ground.” Answer:

44 7

yes
Sentence: “Elegance isn’t your strong suit.” Answer: “no”

Sentence: “You are not the sharpest knife in the drawer.” Answer: “yes”
Sentence: “You lack a permanent residence.” Answer: “no”

Sentence: “Were you shopping with a fivefinger discount again?” Answer: “yes”

Sentence: “The urge to lead a stable life doesn’t appeal to you.” Answer: “no”

The examples “You are not the sharpest knife in the drawer,” “Were you shopping
with a fivefinger discount again?” and “You are Satan’s favourite” were sourced from the
annotation guidelines of Wiegand et al.| (2023)). The remaining examples were paraphrases
of sentences from the dataset Euphemistic Abuse. The original sentences were: “I dreamed
of you 6 feet under,” “Refinement is not your forte,” "You do not have a fixed abode,” and
“You don’t feel the need to live a settled life.” The examples “You are few sandwiches
short of a picnic,” “Your elevator doesn’t go to the top floor,” and “You don’t know your
rear end from a hole in the ground” were creative paraphrases of “You are not the sharpest
knife in the drawer.”

Zero-Shot Feature Extraction: Unusual Properties

This feature is applied to any utterance that includes some unusual property, behavior, or
situation, such as the following examples (Wiegand et al., 2023, 16286).

22) “Your main hobby must be letting life pass you by.”

[4

23) “You will make me want to do very nasty things.”

4

24) “Your heart made an iceberg look warm.”

25) “You are the leader of Boredville.”

(22)
(23)
(24)
(25)

By unusual, [Wiegand et al.| (2023) mean that the targeted person is attributed unusual
properties or behavior as in Example . This could include strange hobbies, e.g. staring
at an empty wall for hours, preferences, e.g. enjoying other people’s failures, or beliefs,
e.g. believing in fairy tales. It could also be claimed that the targeted person brings
about unusual situations or events, e.g. causing others run away screaming. They might
be attributed to incite unusual behavior on the part of the speaker as in Example
Finally, the unusual qualities could be communicated through non-standard language,

such as unusual imagery |(24)| or other creative phrasing |(25)|
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The concept of unusual properties is intended to cover all cases where the abused target
is meant to be alienated from the interlocutor(s). Therefore, this feature captures various
instances of “othering,” a method of stigmatizing the target as not fitting within the norms
of a social group, which has frequently been observed to coincide with abusive language
(Burnap and Williams, [2015)).

To extract this feature with GPT models, the following prompt template was devised.
The formulation was largely inspired by |Wiegand et al.| (2023, 16286):

We define unusual utterances as sentences where the addressed person is
attributed unusual properties or displays some unusual behavior. This could
be strange hobbies, preferences or beliefs. The addressed person could also
cause unusual situations or events or unusual behavior on the part of the
speaker. The unusual property may also be conveyed by the usage of non-
standard language, i.e., unusual imagery or some creative wording. The
intention of the speaker is to alienate the addressed person from the reader.
Based on this definition, does the following sentence describe an unusual
property, behavior or situation? “{SENTENCE}” Answer either “yes” or “no”;
no other answers are permitted.

Few-Shot Feature Extraction: Unusual Properties

Consistent with previous methods, for the few-shot approach, the examples were selected
in a manner identical to other linguistic features and combined with the prompt already
devised during the zero-shot approach:

We define unusual utterances as sentences where the addressed person is
attributed unusual properties or displays some unusual behavior. This could
be strange hobbies, preferences or beliefs. The addressed person could also
cause unusual situations or events or unusual behavior on the part of the
speaker. The unusual property may also be conveyed by the usage of non-
standard language, i.e., unusual imagery or some creative wording. The
intention of the speaker is to alienate the addressed person from the reader.
Based on this definition, does the following sentence describe an unusual
property, behavior or situation? “{SENTENCE}” Answer either “yes” or “no”;
no other answers are permitted. Here are examples:

Sentence: “You have never seen a feather duster in your life, have you.” Answer:

. 7

yes
Sentence: “You don’t like tidying up.” Answer: “no”

Sentence: “You will make me want to do very nasty things.” Answer: “yes”
Sentence: “It seems university is not the right fit for you.” Answer: “no”
Sentence: “You will cause anyone to scream and run away.” Answer: “yes”
Sentence: “Punctuality is not one of your strengths.” Answer: “no”
Sentence: “Your brain bid farewell to you a long time ago.” Answer: “yes”

Sentence: “I'm not pleased with your decision to bring all these individuals
along.” Answer: “no”

Sentence: “You wouldn’t know honesty if it passed you in the street.” Answer:

13 2

yes
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Sentence: “It’s fantastic that you opened up to him.” Answer: ‘“no”

The examples “You have never seen a feather duster in your life, have you,” “You don’t like
tidying up,” “You will make me want to do very nasty things,” “You will cause anyone to
scream and run away,” “Your brain bid farewell to you a long time ago,” and “You wouldn'’t
know honesty if it passed you in the street” were sourced from the annotation guidelines
(Wiegand et al., [2023)). The remaining examples were paraphrases of sentences from the
dataset Fuphemistic Abuse. The original sentences were: “I'm afraid, graduate school just
isn’t working for you,” “Being on time is not your strong suit,” “I don’t appreciate that
you brought all these people with you,” and “How wonderful that you shared with him.”
Results of the feature extraction are discussed in Chapter [6]

5.4.3. Comparisons

Wiegand et al.| (2021a) present a set of linguistic features utilized for supervised classi-
fication. Some of these features were produced manually while others were generated
automatically. The following specific features are produced manually:

e Figurativeness vs. literalness

e Dechumanization

Taboos

Evaluation vs. emotional frame of mind

e Contradiction
e Absurd images

For these features, the dataset Comparisons provides manually produced labels, thereby
establishing a gold standard that enables evaluation.

On a random sample of 200 comparisons, [Wiegand et al. (2021a) assessed the inter-
annotation agreement on each manually designed feature between two annotators, one
being a coauthor and the other a graduate student in computational linguistics. The
resulting scores for each feature ranged from 0.63 to 1.00, which, according to [Landis and
Koch| (1977), indicates at least a substantial level of agreement.

Wiegand et al.| (2021a) also introduced linguistic features that they extracted automat-
ically instead of manually:

e Intensity

e Frequency

Absence of nouns and adjectives

Similarity to explicit insults

Emotions

WordNet supersenses
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Table 10.: Examples from the dataset Comparisons classified by the class label indicating
whether the instance was rated as abusive or not (Abuse), the features figur-
ativeness vs. literalness (Fig/Lit), dehumanization (Dehum), taboos (Taboo),
evaluation vs. emotional frame of mind (Eval/Frame), contradiction (Contrad),
and absurd images (Absurd).

Comparison Abuse | Fig/Lit | Dehum | Taboo | Eval/Frame | Contrad | Absurd
You walk like a giraffe. v Fig v X Eval X X
You behave like a toddler on acid. | v/ Fig X v Eval X v
You look like you’re lost. X Lit X X Frame X X
You are as modern as a caveman. | v’ Fig X X Eval v X

Table [10] displays an excerpt from the dataset. Similar to previous sections, this section
examines each of the features proposed by [Wiegand et al.| (2021a)) and describes how they
were extracted with GPT models, beginning with the zero-shot approach, followed by the
few-shot approach. In the few-shot approach, the method mirrored the technique applied
in extracting the linguistic features for the datasets Identity Groups and Euphemistic
Abuse: ten examples were presented to the GPT models, with each class represented by
five examples.

Zero-Shot Feature Extraction: Figurativeness vs. Literalness

Wiegand et al.’s (2021a}, 361) dataset includes both figurative and literal comparisons
(27))
(26) “You sing like a dying bird.” (figurative & ABUSE)

(27) “You have the face of a sad person.” (literal & OTHER)

In figurative comparisons, the vehicle and the topic are fundamentally different types of
entitiesﬂ Literal comparisons, conversely, are characterized by their reversibility. This
means that the topic and vehicle of a literal comparison can switch places without
significant changes in meaning. For example, “Encyclopedias are like dictionaries” can
be rephrased as “Dictionaries are like encyclopedias.” However, this is not applicable
for “Encyclopedias are like goldmines,” which would thus be classified as a figurative
comparison (Wiegand et al., 2021a, 362). Additionally, literal comparisons must highlight
properties that are prominent in both entities being compared. For instance, a dictionary
and an encyclopedia, both types of language resources, share properties such as being
organized in a specific order and containing a number of entries. These characteristics are
not typically found in figurative comparisons. An encyclopedia and a goldmine only share
minor properties, such as their potential profitability.

One might intuitively expect abusive comparisons to be figurative and non-abusive
comparisons to be literal Consequently, [Wiegand et al. (2021a) deemed it necessary
to determine whether abusive comparisons merely coincide with figurative comparisons.
Their findings indicate that literal comparisons correlate with non-abusive comparisons,
but many figurative comparisons are also non-abusive. Therefore, the task of detecting
abusive comparisons cannot simply be reduced to distinguishing between literal and
figurative language. Wiegand et al.| (2021a) had to consider additional features such as
dehumanization, taboo topics, absurd images, etc.

4Vehicles and topics of comparisons are illustrated in Table

7



5. Method

The following prompt template was formulated to extract this feature using GPT
models:

Is the following comparison figurative? “{SENTENCE}” Answer “yes” or “no”
no other answers are permitted.

Few-Shot Feature Extraction: Figurativeness vs. Literalness

The prompt below was developed for feature extraction using GPT models in a few-shot
approach:

Is the following comparison figurative? “{SENTENCE}” Answer “yes” or “no”
no other answers are permitted. Here are examples:

Sentence: “Your singing resembles that of a bird nearing its end.” Answer:

[44 7

yes

Sentence: “Your expression resembles that of someone who is sorrowful.”
Answer: “no”

Sentence: “Your actions mimic those of a very small child under the influence
of strong substances.” Answer: “yes”

Sentence: “It’s as if you possess no manners at all.” Answer: “no”
Sentence: “Your words are as harsh as flames.” Answer: “yes”
Sentence: “You appear to be bewildered.” Answer: “no”

Sentence: “You responded as though you were a young child who’s just let go
of a balloon.” Answer: “yes”

Sentence: “Your arms are unexpectedly short; it’s astonishing you manage to
find fitting attire.” Answer: “no”

Sentence: “Talking to you is akin to dealing with an engine that can’t run
smoothly.” Answer: “yes”
Sentence: “Your behavior suggests you're in dire need of some rest.” Answer:

18 )

no

Neither Wiegand et al.| (2021a) nor the respective annotation guidelines provided
examples beyond those already in the dataset, so paraphrases of sentences from the
dataset were used instead. The original sentences were: “You sing like a dying bird,” “You
have the face of a sad person,” “You behave like a toddler on acid,” “Your manners are
like well no manners really,” “Your words are like fire,” “You look like you're lost,” “You
reacted like a child who lost a balloon,” “Your arms are like so short I'm surprised you
can find clothes that fit you,” “ Your conversations are like a stuttering engine,” and “You
are acting like you need a nap.”

Zero-Shot Feature Extraction: Dehumanization

A dehumanizing comparison involves directly comparing a person or their intrinsic mental
or physical traits to a non-human entity. Dehumanization is commonly linked to abusive
language (Mendelsohn et al., [2020). An example of a dehumanizing comparison would be
(28)((Wiegand et al., |2021al, 362), which compares a physical attribute of a person, i.e.,
their walk, to a non-human entity, i.e., a giraffe.
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(28) “You walk like a giraffe.” (ABUSE)

To isolate this feature via GPT models, the subsequent prompt template was developed.
The definition for dehumanizing comparison was derived from Wiegand et al.| (2021al 362):

A dehumanizing comparison is defined as directly comparing a person or
their inherent mental or physical attributes to a non-human entity. Based on
this definition, is the following comparison dehumanizing? “{SENTENCE}”
Answer either “yes” or “no”; no other answers are permitted.

Few-Shot Feature Extraction: Dehumanization

The subsequent prompt template was crafted to extract this feature with GPT models in
the few-shot approach:

A dehumanizing comparison is defined as directly comparing a person or their
inherent mental or physical attributes to a non-human entity. Based on this
definition, is the following comparison dehumanizing? “{SENTENCE}” Answer
either “yes” or “no”; no other answers are permitted. Here are examples:

Sentence: “Your arms resemble overcooked noodles.” Answer: “yes”

Sentence: “Your expression resembles that of someone who is sorrowful.”
Answer: ‘“no”

Sentence: ‘“Your singing resembles that of a bird nearing its end.” Answer:

44 7

yes

Sentence: “It’s as if you possess no manners at all.” Answer: “no”

Sentence: “Your words are as harsh as flames.” Answer: “yes”

Sentence: “You appear to be bewildered.” Answer: “no”

Sentence: “Your eyes bear similarity to a bundle of potatoes.” Answer: “yes”

Sentence: “Your arms are unexpectedly short; it’s astonishing you manage to
find fitting attire.” Answer: “no”

Sentence: “Talking to you is akin to dealing with an engine that can’t run
smoothly.” Answer: “yes”

Sentence: “Your behavior suggests you're in dire need of some rest.” Answer:

1 79

no

Since Wiegand et al.| (2021a) and the associated annotation guidelines did not include
examples outside the existing dataset, paraphrased sentences from the dataset were utilized.
The original sentences were: “Your arms are like cooked spaghetti,” “You have the face
of a sad person,” “You sing like a dying bird,” “Your manners are like well no manners
really,” “Your words are like fire,” “You look like you're lost,” “Your eyes are like a sack of
potatoes,” “Your arms are like so short I'm surprised you can find clothes that fit you,”
“Your conversations are like a stuttering engine,” and “You are acting like you need a nap.”
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Zero-Shot Feature Extraction: Taboo Topics

According to|Allan and Burridge| (2006, 1) a taboo is “a proscription of behavior that affects
everyday life”. A characteristic of abusive language is its consideration as taboo in many
social contexts, employing words associated with taboo topics to express offensiveness,
such as specific bodily organs, physical, and mental abnormalities, such as Examples
through (Wiegand et all 2021al). A significant number of terms such as “vagina” are
excluded from standard abusive language detection resources (Wiegand et al., 2018)), and
as a result, they are not flagged as explicitly abuse because they are considered ambiguous.
For instance, in medical contexts, such terms are acceptable. |Allan and Burridge| (2006)
offer a set of semantic domains, such as sexuality, death, or diseases, which are frequently
used as references for annotation guidelines (Wiegand et al., 2021al).

(29) “You eat like you have worms.”
(30) “You are sweating like a dog in heat.”
(31) “You make me feel like bringing up my lunch.”

In order to derive this feature from GPT models, the prompt template below was
crafted. The definition of “taboo” was sourced from Allan and Burridge| (2006, 1):

Taboo is a proscription of behavior that affects everyday life. Topics considered
taboo include: bodies and their effluvia (sweat, snot, feces, menstrual fluid,
etc.); the organs and acts of sex, micturition, and defecation; diseases, death,
and killing (including hunting and fishing); naming, addressing, touching, and
viewing persons and sacred beings, objects, and places; and food gathering,
preparation, and consumption. Based on this definition, does the following
sentence address a taboo topic? “{SENTENCE}” Answer either “yes” or “no”;
no other answers are permitted.

Few-Shot Feature Extraction: Taboo Topics

Here is the prompt template designed for the extraction of this feature employing GPT
models under the few-shot method:

Taboo is a proscription of behavior that affects everyday life. Topics considered
taboo include: bodies and their effluvia (sweat, snot, feces, menstrual fluid,
etc.); the organs and acts of sex, micturition, and defecation; diseases, death,
and killing (including hunting and fishing); naming, addressing, touching, and
viewing persons and sacred beings, objects, and places; and food gathering,
preparation, and consumption. Based on this definition, does the following
sentence address a taboo topic? “{SENTENCE}” Answer either “yes” or “no”;
no other answers are permitted. Here are examples:

Sentence: “You look as exhausted as a corpse.” Answer: “yes”

Sentence: “Your expression resembles that of someone who is sorrowful.”
Answer: “no”

Sentence: “You are sweating like a marathon runner.” Answer: “yes”

Sentence: “It’s as if you possess no manners at all.” Answer: “no”
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Sentence: “Your face is as pale as a ghost.” Answer: “yes”
Sentence: “You appear to be bewildered.” Answer: ‘“no”
Sentence: “You eat like a starving animal.” Answer: “yes”

Sentence: “Your arms are unexpectedly short; it’s astonishing you manage to
find fitting attire.” Answer: “no”

Sentence: “You make me feel like throwing up.” Answer: “yes”

Sentence: “Your behavior suggests you're in dire need of some rest.” Answer:

Ctnoﬂ

Examples beyond those already in the dataset were not provided by either [Wiegand
et al. (2021a)) or the respective annotation guidelines, leading to the use of paraphrased
sentences from the dataset. The original sentences were: “You look as tired as the dead,”
“You have the face of a sad person,” “You are sweating like a dog in heat,” “Your manners
are like well no manners really,” “Your face is like a ghost,” “You look like you’re lost,”
“You eat like you have worms,” “Your arms are like so short I'm surprised you can find
clothes that fit you,” “You make me feel like bringing up my lunch,” and “You are acting
like you need a nap.”

Zero-Shot Feature Extraction: Absurd Images

In the dataset Comparisons, many figurative comparisons also feature fairly absurd images
such the ones seen in and [(33)[Wiegand et all [2021al 362). By absurd, Wiegand
et al. (2021a)) refer to vehicles that describe scenes that are very rarely or never observed
in reality. Wiegand et al. (2018) noted that such images tend to be perceived as abusive.

(32) “Your input is like a baby giving their opinion on computer code.” (ABUSE)
(33) “You walk like you have three legs and four pockets full of rubble.” (ABUSE)

To extract this feature with GPT models, the following prompt template was devised.
The formulation of this prompt is derived from |Wiegand et al.'s understanding of absurd
images (2021a, 362):

An absurd sentence is a sentence that describes an image that is extremely
rarely or never observed in real life. Based on this definition, is the following
sentence absurd? “{SENTENCE}” Answer with either “yes” or “no”; no other
answers are permitted.

Few-Shot Feature Extraction: Absurd Images

This prompt template was composed for the GPT-driven extraction of this feature in the
few-shot scenario:

An absurd sentence is a sentence that describes an image that is extremely
rarely or never observed in real life. Based on this definition, is the following
sentence absurd? “{SENTENCE}” Answer with either “yes” or “no”; no other
answers are permitted. Here are examples:

Sentence: “Your contribution is akin to an infant commenting on programming.”
Answer: “yes”
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Sentence: “Your expression resembles that of someone who is sorrowful.”
Answer: “no”

Sentence: “Your walking resembles someone with an extra limb and pockets
filled with debris.” Answer: “yes”

Sentence: “It’s as if you possess no manners at all.” Answer: “no”

Sentence: “Your method is comparable to a bus colliding with a fuel truck.”
Answer: “yes”

Sentence: “You appear to be bewildered.” Answer: ‘“no”

b

Sentence: “You cook as though you’ve interpreted the recipe in reverse.
Answer: “yes”

Sentence: “Your arms are unexpectedly short; it’s astonishing you manage to
find fitting attire.” Answer: “no”

Sentence: “Your politeness is comparable to an elephant rampaging through a
porcelain store.” Answer: “yes”

Sentence: “Your behavior suggests you're in dire need of some rest.” Answer:

13 9

no

Since Wiegand et al. (2021a)) and the respective annotation guidelines did not offer
examples beyond those present in the dataset, sentences from the dataset were paraphrased
for use. The original sentences were: “Your input is like a baby giving their opinion on
computer code,” “You have the face of a sad person,” “You walk like you have three legs
and four pockets full of rubble,” “Your manners are like well no manners really,” “Your
approach is like a bus crashing into a [sic| oil tanker,” “You look like you’re lost,” “You
cook like you read the instructions backwards,” “Your arms are like so short I'm surprised
you can find clothes that fit you,” “Your manners are like a bull in a china shop,” and
“You are acting like you need a nap.”

Zero-Shot Feature Extraction: Contradictions

A recurring construction in comparisons involves contradictions as in and (Wie—-
gand et al., [2021a) 362). These generally occur when the characteristic of the comparison,
e.g. “smart,” is contrary to the prototypical characteristics associated with the vehicle,
e.g. a neanderthal is typically considered to be simpleminded rather than smart. Such
contradicting comparisons, categorized as a sub-type of sarcasm, could be interpreted as
abusive.

(34) “You are as thin as an elephant.” (ABUSE)
(35) “You are as smart as a neanderthal” (ABUSE)
This feature was extracted using GP'T models by devising the following prompt template:

Is there a contradiction in the following sentence? “{SENTENCE}” Answer
either “yes” or “no”; no other answers are permitted.
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Few-Shot Feature Extraction: Contradictions

The ensuing prompt template was devised to extract this feature using GPT models and
a few-shot approach:

Is there a contradiction in the following sentence? “{SENTENCE}” Answer
either “yes” or “no”; no other answers are permitted. Here are examples:

Sentence: “You are as slender as a mammoth.” Answer: “yes”

Sentence: “You are as slender as a person emerging from a drastic fast.”
Answer: “no”

Sentence: “You are as enlightened as a prehistoric human.” Answer: “yes”
Sentence: “You are as ravenous as a predator.” Answer: “no”

Sentence: “You are as contemporary as a Stone Age hunter.” Answer: “yes”
Sentence: “Your dialogues are as tedious as watching paint dry.” Answer: “no”
Sentence: “Your etiquette is as polished as an ape’s.” Answer: “yes”

Sentence: “You appear as weary as someone pulling a double shift.” Answer:

13 79

no
Sentence: “Your advancement is as if you're moving in reverse.” Answer: “yes”

Sentence: “You are as unhearing as a piece of wood.” Answer: “no”

Due to the lack of examples beyond the dataset from Wiegand et al.| (2021al) and the
respective annotation guidelines, paraphrases of dataset sentences were utilized. The
original sentences were: “You are as thin as an elephant,” “You are as thin as someone
who’s just done an extreme diet,” “You are as smart as a neanderthal,” “You are as
hungry as the wolf,” “You are as modern as a caveman,” “Your conversations are as dull
as dishwater,” “Your manners are as refined as a monkey’s,” “You look as tired as an
overtime worker,” “Your progress is like you're stepping backwards,” and “You are as deaf
as a doorpost.”

Zero-Shot Feature Extraction: Evaluation vs. Emotional Frame of Mind

Even though all instances from the dataset are negative in polarity, they vary in the type of
sentiment expressed. On one hand, there are evaluative comparisons (Wiegand et al.|,
2021a}, 362), where the author of a comparison negatively evaluates a specific property of
the target person, typically criticizing their behavior or physical appearance, e.g. being
overweight . Such evaluative comparisons are more likely to be viewed as abusive
expressions. On the other hand, there are comparisons where the author describes the
emotional state of the target (Wiegand et al, 2021a) 362). Given that all instances
from the dataset Comparisons are negative, typical emotional states include pain, sorrow,
exhaustion, or shock, as in . In these cases, the author does not necessarily evaluate
the target. For example, stating that someone is suffering does not imply criticism but
rather concern. Such comparisons are rarely perceived as abusive.

(36) “You look like an overfed cat.” (ABUSE)

(37) “You look like a shocked cat.” (OTHER)
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To capture this feature using GPT models, the following prompt template was con-
structed. The definitions were inspired by [Wiegand et al. (2021a, 362):

An evaluative comparison involves the author negatively assessing a specific
aspect of the addressed person (the addressed person is determined by the
second-person pronoun “you”), often by criticizing their behavior or outward
appearance. On the other hand, a non-evaluative comparison describes the
emotional state of the addressed person without necessarily passing judgment.
Based on these definitions, is the following sentence evaluative? “{SEN-
TENCE}” Answer either “yes” or “no”; no other answers are permitted.

Few-Shot Feature Extraction: Evaluation vs. Emotional Frame of Mind

Outlined below is the prompt template used for the few-shot approach to extract this
feature:

An evaluative comparison involves the author negatively assessing a specific
aspect of the addressed person (the addressed person is determined by the
second-person pronoun “you”), often by criticizing their behavior or outward
appearance. On the other hand, a non-evaluative comparison describes the
emotional state of the addressed person without necessarily passing judgment.
Based on these definitions, is the following sentence evaluative? “{SEN-
TENCE}” Answer either “yes” or “no”; no other answers are permitted. Here
are examples:

Sentence: “You resemble a feline that’s been fed too much.” Answer: “yes”
Sentence: “You appear to be bewildered.” Answer: “no”

Sentence: “Your actions mimic those of a very small child under the influence
of strong substances.” Answer: “yes”

Sentence: “Your expression resembles that of someone who is sorrowful.”
Answer: “no”

Sentence: “Your contribution is akin to an infant commenting on programming.”
Answer: “yes”

Sentence: “Your response brings to mind a startled cat.” Answer: ‘no”
Sentence: “You are as enlightened as a prehistoric human.” Answer: “yes”

Sentence: “It seems as though you're burdened with heavy loads on your back.
“ Answer: ‘no”

Sentence: “Your etiquette is as polished as an ape’s.” Answer: “yes”

Sentence: “Your reaction was as if you were found in a compromising situation
without your pants. “ Answer: “no”

Wiegand et al.| (2021a)) and the respective annotation guidelines did not provide examples
beyond the dataset, so paraphrased sentences from the dataset were used instead. The
original sentences were: “You look like an overfed cat,” “You look like you’re lost,” “You
behave like a toddler on acid,” “You have the face of a sad person,” “Your input is like a
baby giving their opinion on computer code,” “Your reaction reminds me of a shocked
cat,” “You are as smart as a neanderthal,” “You are acting like you are carrying weights

on your back,” “Your manners are as refined as a monkey’s,” and “You reacted like you
got caught with your trousers down.”
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Zero-Shot Feature Extraction: Intensity

This feature represents the first to be automatically generated by Wiegand et al.| (2021al).
In their 2018| study, Wiegand et al.| established a correlation between high polar intensity
in language and its abusive nature [(38)(Wiegand et al., 2021a], 363). To quantify the polar
intensity of a comparison, |Wiegand et al.| (2021a) utilized the intensity lexicon from their
2018 research, ranking each comparison based on the average intensity score of the words
it contained. The lexicon categorizes words along a spectrum from very positive to very
negative, placing polar intensive words at both extremes of this spectrum.

(38) “Your eyes are like doorways into hell itself.” (ABUSE)

The prompt devised to extract this feature with GPT models was as follows:

Does the following sentence use polar intense words? “{SENTENCE}” Answer
either “yes” or “no”; no other answers are permitted.

The few-shot approach was skipped for the linguistic features intensity, frequency,
absence of nouns and adjectives, similarity to explicit insults, emotions, and WordNet
supersenses. Only the zero-shot prompting method was used for those features that
Wiegand et al.| (2021a) extracted automatically and without human annotators. The
decision to utilize zero-shot prompting only was based on its anticipated sufficiency for
tasks akin to comparing word lists. Employing few-shot prompting with GPT models was
deemed unnecessary and overly time-consuming for a task expected to yield uninspiring
results. Additionally, the time required to create the extensive number of examples
needed was not available. Specifically, the features “emotions” and “WordNet supersenses”
would have required a significant number of examples: ten for each of the eight emotions
identified by Mohammad and Turney| (2013) and another ten for each of the 45 WordNet
supersenses (Miller et al.| [1990)), totaling 530 examples just for these two features.

Zero-Shot Feature Extraction: Frequency

High polar intensity in language may not only be conveyed by inherently polar words
such as “hell,” but also through comparisons to special items. |Wiegand et al.| (2021a)
posit that such items typically share the property of being infrequent in general text
corpora. Words like “bakelite” or “kazoo” are not polar expressions themselves but are
rare in text corpora. When used in comparisons like through [(40)[(Wiegand et al.,
2021al, 363), these comparisons are perceived as extreme and therefore likely to be abusive.
For their experiments, Wiegand et al.| (2021a) determined the word frequency using the
North American News Corpus (Graff, [1995) and sorted each comparison based on its least
common word.

(39) “You are as modern as bakelite.” (ABUSE)
(40) “You laugh like a kazoo.” (ABUSE)

Employing GPT models to extract this feature, the following prompt template was set
up:

Does the following sentence use rare, infrequent words? “{SENTENCE}”
Answer either “yes” or “no”; no other answers are permitted.
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Zero-Shot Feature Extraction: Absence of Nouns and Adjectives

In abusive comparisons, the imagery typically requires concrete nouns as the vehicle.
Additionally, abusive comparisons may necessitate adjectives to convey high polar intensity
or a negative evaluation. This leads to the conclusion that the absence of these two parts
of speech is likely indicative of a non-abusive comparison such as Examples through
[(42)(Wiegand et al., 2021a))(Wiegand et al. 2021a), 363). [Wiegand et al| extracted this
feature with the help of part-of-speech tagging.

(41) “You look like you're lost.” (OTHER)
(42) “You move like you're hurt.” (OTHER)
To extract this feature in GPT models, the following prompt template was established:

Does the following sentence use nouns or adjectives? “{SENTENCE}” Answer
either “yes” or “no”; no other answers are permitted.

Zero-Shot Feature Extraction: Similarity to Explicit Insults

Although the comparisons in the dataset curated by |Wiegand et al. (2021a) do not
contain any explicitly abusive words, employing a lexicon of such words may still aid in
classification. The ISHate dataset with explicit labels could not be utilized here because
it was discovered subsequently to these experiments. Wiegand et al|(2018) acknowledge
that the boundary between explicitly and implicitly abusive language is not well-defined,
noting that the dataset contains ambiguous abusive words that exhibit significant semantic
resemblance to abusive words from a lexicon. [Wiegand et al.| (2021a)) utilized the lexicon
from their 2018 study, computed a centroid embedding vector of its entries, and ranked
the instances from the dataset based on their semantic similarity to this centroid. The
comparison was depicted by the embedding vector of the word within that comparison
which had the greatest similarity to the centroid. For the embeddings, Wiegand et al.
(2021a)) selected the FastText embeddings (Joulin et al., [2017)) trained on Common Crawl.

The extraction of this feature with GPT models utilized the following prompt template:

Does the following sentence use abusive words? “{SENTENCE}” Answer
either “yes” or “no”; no other answers are permitted.

Zero-Shot Feature Extraction: Emotions

In response to the findings by Rajamanickam et al. (2020), which highlighted a correlation
between abusive language and emotions, Wiegand et al.| (2021a)) employed the lexicon
developed by Mohammad and Turney| (2013)) in order to study the emotions associated
with abusive and non-abusive comparisons. [Mohammad and Turney's lexicon categorizes
eight emotions associated with commonly used English words: joy, sadness, anger, fear,
trust, disgust, anticipation, and surprise. A single word may be linked to multiple emotion
categories. In their study, [Wiegand et al.| (2021a)) analyzed comparisons by identifying
the emotion categories from the aforementioned lexicon associated with the words in each
comparison. They discovered that the emotion of disgust tends to correlate with abusive
comparisons, whereas trust is more often found in non-abusive instances.

The attempt to automate the extraction of this feature using GPT models faced
challenges due to the initial design of the prompts, which were intended for binary
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classification. To adapt, a distinct prompt was crafted for each emotion category to
maintain consistency in the approach. These prompts are structured to identify a specific
emotion from a given sentence and to classify the presence of that emotion as either “yes”
or “no”. Algorithm [3| demonstrates the approach.

Algorithm 3 Emotion Identification Algorithm
emotions < [‘joy”, “sadness”, “anger”, “fear”, “trust”, “disgust”, “anticipation”, “surprise”|
SENTENCE < Instance from the dataset
for emotion in emotions do
prompt template < ‘Identify the emotions associated with the following sentence:
“{SENTENCE}” Is one of the identified emotions {emotion}? Answer either “yes” or
“no”; no other answers are permitted.’

chat completion <— Get GPT model response using:

prompt — prompt__template.format(emotion—=emotion, SEN-
TENCE=SENTENCE)
end for

Zero-Shot Feature Extraction: WordNet Supersenses

In their research, |Wiegand et al.| (2021a)) investigated the role of WordNet supersenses
(Miller et al., [1990), which comprise 45 broad semantic categories, e.g. verbs related to
fighting and nouns related to body parts. These supersenses have proven to be effective
in various linguistic tasks, such as sentiment analysis (Flekova and Gurevych| 2016).

Wiegand et al.| (2021a) aimed to determine if specific supersenses are associated with
abusive language. They identified that comparisons involving animals, food, and body
parts are often characteristic of abusive language. Conversely, comparisons that relate to
weather phenomena, events, temporal expressions, and acts generally suggest non-abusive
contexts. Additionally, verbal categories such as motion, perception, and states often
co-occur with non-abusive comparisons. From these observations, Wiegand et al.| (2021a)
concluded that comparisons involving abstract concepts tend to be non-abusive, whereas
those involving more tangible entities, such as animals or food, are more likely to be
abusive.

When extracting this feature with GPT models, similar challenges were encountered as
with the emotions feature. To address these, a distinct prompt was crafted for each of
the 45 supersenses to ensure consistency in the approach. The prompts are designed to
identify a specific supersense from a given sentence and to classify the presence of that
supersense as either yes or no. The method is illustrated by Algorithm [4, which closely
resembles Algorithm [3]

5.5. Combination of GPT Completions with Supervised
Machine Learning

This section discusses the integration of GPT-generated completions with rule-based and
logistic regression classifiers to enhance the detection of implicit hate speech. It details the
development of classifiers that utilize the previously described linguistic features extracted
through automated processes, outlining both the method and the specific algorithms
employed.
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Algorithm 4 Supersense Analysis Algorithm
supersenses <— [‘unique beginner for nouns”, “...”, “verbs of raining, snowing, thawing,
thundering”|
SENTENCE < Instance from the dataset
for supersense in supersenses do
prompt_template <— ‘Does the following sentence use any {supersense}? “{SEN-
TENCE}” Answer either “yes” or “no”; no other answers are permitted.’

chat completion <— Get GPT model response using:

prompt — prompt_template.format(supersense=supersense, SEN-
TENCE=SENTENCE)
end for

5.5.1. Rule-Based Classifier for the Dataset Identity Groups

Initially, a simple rule-based classifier (Wiegand et al. 2022) was implemented, utilizing
outputs derived from the previously described automated feature extraction processes.
The underlying logic and specific conditions applied are detailed in Algorithm [5 To
qualify as hate speech, a sentence must be inherently non-episodic. Additionally, it has to
either portray the targeted identity group in the role of a perpetrator or link the group
with non-conformist views.

Algorithm 5 Determine if Implicitly Abusive
function ISIMPLICITLY ABUSIVE(aspect, perpetrator, nonCon formistic)
prediction < “OTHER”
if aspect = “NON-EPISODIC” and (perpetrator = “YES” or nonCon formistic =
“YES”) then
prediction <+ “ABUSE”
end if
return prediction
end function

Example [(43)((Wiegand et al. 2022, Dataset) is episodic and is therefore classified as
other. Example |(44)((Wiegand et al., 2022, Dataset), while non-episodic, does not depict
the target as either a perpetrator or a non-conformist, and is thus also classified as other.
In contrast, Example (Wiegand et al., 2022, Dataset) is non-episodic and portrays
the target as a perpetrator, resulting in a classification of abuse. Similarly, Example
(46)((Wiegand et al., 2022, Dataset), which is non-episodic and presents the target as a
non-conformist, is also labeled abuse.

(43) “Jews censure Miley Cyrus for not raising Gypsy apartheid issue on ‘Gypsy Heart’
tour.” (episodic, non-perpetrator, non-conformistic, other)

)

(44) “All women grapple with the voice of self- doubt [sic| in one way or another.’
(non-episodic, non-perpetrator, conformistic, other)

(45) “Lesbians pressure straight women into being lesbians all the time.” (non-episodic,
perpetrator, conformistic, abuse)

(46) “Muslims lack basic morality bcoz quran [sic| lacks morality lessons.” (non-episodic,
perpetrator, non-conformistic, abuse)
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These linguistic features specifically relate to sentences in which identity groups are
represented as the agent. This particular orientation makes the classifier suited for
application to the dataset Identity Groups only. Unfortunately, the datasets Fuphemistic
Abuse, Comparisons, and ISHate were not annotated with these specific features, namely,
the non-episodic aspect, perpetrator, and non-conformist, so the rule-based classifier could
not be applied to these datasets.

The structure of this classifier mirrors that of the one outlined in the study by Wiegand
et al. (2022), with the only difference that it employs outputs from GPT-driven feature
extraction rather than relying on manually extracted features. The features used in this
master’s thesis were extracted through the methods previously described as zero-shot
and few-shot approaches. The effectiveness of this classifier is evaluated by comparing its
results to those reported in Wiegand et al| (2022) in Chapter [6]

5.5.2. Logistic Regression

With the multitude of linguistic features and complex automated extraction methods, it
is easy to lose focus on the primary goal, namely the detection of implicit hate speech.
Each identified linguistic feature brings this objective closer to realization. To investigate
whether the GPT-driven feature extraction contributed to the detection of implicit hate
speech, four logistic regression models for binary classification were trained. The models
used the same algorithmic setups, however, they had different training scenarios:

e The first model utilized completions from our previously established baseline, de-
scribed in Section [5.3] i.e., the responses to the five prompts with the markers
hateful, abusive, offensive, toxic, and insulting. These completions were used as
feature inputs. This training scenario was employed to determine if there is an
added benefit to combining all five markers, rather than focusing on the F1 score of
a single marker or using the predictions of one marker alone. The objective was to
assess the predictive power of the combined markers and to compare the results to
the baseline and the next three logistic regression models.

e The second model was trained using completions derived from the automated
extraction of linguistic features described in Section [5.4]

e The third model was a blend of the previous two. It combined completions from
both the automated linguistic feature extraction and the baseline prompts, i.e., the
responses to the five prompts with the markers hateful, abusive, offensive, toxic,
and insulting.

e Lastly, the fourth model used completions from the automated extraction of linguistic
features and the completion from the prompt with the marker offensive. This choice
was made due to its consistently good, though not always optimal, results with both
GPT-3.5 and GPT-4.

These experiments were conducted once with completions from the zero-shot prompting
approach and again with completions from the few-shot prompting approach.

This method was implemented with Python 3.12.0 (Van Rossum and Drake, 2009),
utilizing the pandas library (The Pandas Development Team, [2024) for data manipulation
and the scikit-learn library (Pedregosa et al., [2011) to preprocess data, train the models,
and evaluate their performance. LogisticRegression, with L2 regularization as per the
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default setting, was used for logistic regression. OneHotEncoder converted categorical
variables into a numerical format suitable for machine learning algorithms. StratifiedKFold
provides a stratified K-Folds cross-validator that preserves the percentage of samples for
each class. Precision score, recall score, and f1 _score were used to assess the models’
precision, recall, and F1 score.

The logistic regression models were trained with cross-validation of five folds. For
experiments with the dataset Identity Groups, the scikit-learn library LogisticRegressionCV
with built-in cross-validation was used. The seed of the parameter random state was
set to a fixed number to ensure reproducibility. To maintain scientific rigor, the test
sets from each fold were preserved. This means that the five folds used for the logistic
regression were set randomly, but the same random seed was used for each run to maintain
consistency across experiments.

The presented logistic regression models for the dataset Fuphemistic Abuse utilized the
same data folds as those employed by Wiegand et al.| (2023)). This was done to maintain
consistency and comparability with their analytical methods. Wiegand et al. (2023)
organized the folds to ensure that euphemistic abusive sentences for a given cue phrase
were confined to a single fold. Cue phrases, selected by the authors, were provided to
crowdworkers and consisted of explicitly abusive sentences such as “You are ugly,” which
the crowdworkers were tasked with paraphrasing. Consequently, the test data always
included euphemistic abuse derived from unseen cue phrases. In contrast, randomly
assigning sentences to folds would be less stringent, as euphemistic abuse could then
originate from cue phrases encountered during training.

Similarly, in the presented experiments conducted with the Comparisons dataset, the
same data folds used by Wiegand et al. (2021al) were utilized. This ensured consistency
and comparability with Wiegand et als (2021a) analytical methods. They organized
the folds to include mutually exclusive patternsﬁ], so the test instances always contained
patterns not observed in the training data.

5.6. Evaluation

Before presenting the results, the evaluation metrics and methods need to be explained.
Prior to initiating the linguistically informed approach outlined in Section [5.4] a more
direct route was explored, i.e., a baseline for direct implicit hate speech detection with GPT
models was established. As discussed in Section the objective was to assess how well
the GPT models could identify implicit hate speech directly. The results obtained from
this initial test served as a baseline against which the results of subsequent experiments
would be compared, establishing the benchmark to surpass.

This baseline was evaluated as follows. One of the linguistic markers for hate speech,
hateful, abusive, offensive, toxic, or insulting, was designated as the positive class, and
other as the negative class for the purpose of binary classification. Precision and recall
were computed for both the positive and negative classes. These calculated values were
then averaged to derive a unified precision and recall metric, which was used to calculate
the average macro F1 score. This evaluation method was adopted to ensure consistency
and comparability with the analytical procedures employed by |Wiegand et al. (2021a,
2022, 2023). By mirroring their method of F1 score calculation, a direct and reliable basis
for comparing the outcomes of the research with their findings was established.

5Patterns of comparisons are illustrated in Table
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Furthermore, this metric treats all classes equally, regardless of their size, and is more
appropriate when performance on all classes is equally important. In contrast, other
types like micro-averaging pool decisions for all classes into a single confusion matrix, and
precision and recall are computed from this combined data. This approach is dominated
by the more frequent classes due to the aggregation of all counts (Jurafsky and Martin,
2024c¢)).

When the results were unexpected, as will be described in Sections and [6.2] a
manual inspection was performed; recall, precision, and wrongly predicted examples were
investigated.

The GPT-driven feature extraction was evaluated in the same way. The presence of the
relevant feature was designated as the positive class, and its absence as the negative class
for the purpose of binary classification. The macro average F1 score was then calculated as
previously described. By deriving the macro average F1, the effectiveness of the automated
extraction of individual features can be evaluated.

However, this analysis alone was not deemed sufficient. More critically, it is necessary
to determine whether the features genuinely aid in detecting implicit hate speech and
if the use of GPT models enhances this capability. To explore these questions, logistic
regression was utilized, as |Jurafsky and Martin| (2024b)) have highlighted its effectiveness
in identifying relationships between specific features and outcomes.

In order to determine whether the GPT-driven feature extraction was helpful for the
task of implicit hate speech detection, the results of logistic regression models trained
on GPT-generated data were compared to the results of models trained on manually
extracted data, i.e., the models presented by |Wiegand et al. (2021a; 2022} 2023). This is
also why the aforementioned macro average F1 score was selected for the evaluation. By
using this specific metric, the results of the experiments could be compared to Wiegand
et al.’s (2021aj 2022} 2023)) results.
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This chapter presents the results of the previously described experiments. It begins by
discussing the attempt to replicate a task proposed by Ocampo et al.| (2023)) using the
ISHate dataset and GPT models, which involves classifying text into three categories:
non-hate speech, implicit hate speech, and explicit hate speech. Next, the baseline for
detecting implicit hate speech with GPT models is discussed. Following this, the chapter
explores the outcomes of the automated extraction of linguistic features of implicit hate
speech using GPT models. It then examines the effectiveness of rule-based classifiers with
data generated by GPT models and concludes with an analysis of the results from logistic
regression models trained with features generated by GPT models.

6.1. ISHate: Classification Into Non-Hate Speech,
Explicit and Implicit Hate Speech with GPT
Models

As discussed in Section [5.3] an attempt was made to replicate one of the tasks proposed
by |Ocampo et al. (2023)) on the ISHate dataset, namely the classification between non-
hate speech, implicit, and explicit hate speech, using GPT models. Table [11| reports on
the results. DeBERTa refers to the model developed by Ocampo et al.| (2023), which
is a DeBERTa V3-based classifier, fine-tuned for hate speech detection on the White
Supremacist Forum dataset (de Gibert et al) 2018). This model utilizes a one-layer
feed-forward network and was optimized on the ISHate dataset. Although [Ocampo et al.
(2023)) tested other models, the DeBERTa V3 achieved the best results.

As seen in Table [I1] few-shot prompts for GPT-3.5 were more successful than zero-shot
prompts on non-hate speech and implicit hate speech detection. However, GPT-3.5
was generally outperformed by GPT-4. While GPT-4’s performance in non-hate speech
detection slightly improved from zero-shot to few-shot prompting, its performance de-
creased for both explicit and implicit hate speech classes. Notably, DeBERTa significantly
outperformed all GPT variants across all three classes. In particular, for recognizing
implicit forms of hate speech, DeBERTa surpassed the best-performing GPT variant,
GPT-4 in the zero-shot approach, by 23.24%. Nevertheless, DeBERTa itself did not
perform exceptionally well in this task, achieving an F1 score of only 44.20%.

The performance of the GPT models on the ISHate dataset is notably poor compared
to other datasets. This issue appears to stem from two main concerns with ISHate. Firstly,
the dataset showed inconsistencies in labeling, as seen in Examples to (Ocampo
et al., [2023)). These examples could be considered explicit hate speech, yet they were
labeled as non-hate speech.

(1) “little black kid gets his ass kicked - YouTube Because I always enjoy these videos .”
Label given in ISHate: Non-Hate Speech
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(2) “88 In the end is victory” Label given in ISHate: Non-Hate Speech

(3) “Whiteteacher puts Negro in his place [sic|] " Label given in ISHate: Non-Hate
Speech

Conversely, Examples to @ (Ocampo et all [2023), which could be regarded as
implicit hate speech, were labeled as explicit hate speech.

(4) “Immigrants take our jobs, they take our country.” Label given in ISHate: Explicit
Hate Speech

(5) “Why would you want to be respectful of women if all women are the same?” Label
given in ISHate: Explicit Hate Speech

(6) “Feminism is a violent ideology that is hostile to men.” Label given in ISHate:
Explicit Hate Speech

The annotations within the dataset seem questionable, leading to a belief that the
gold standard was compromised. Hence, responses generated by the GPT models might
actually align with a more accurate classification understanding.

Secondly, Wiegand et al.| (2021b) noted that datasets with a significant amount of
implicitly abusive content tend to exhibit bias stemming from how the data is collected.
When large datasets like ISHate combine data from varied domains, they become notably
diverse in style, making them less coherent. Different sources contribute varying amounts
of abusive content. For instance, only a small portion of the posts from one source might
be abusive, while a majority from another source, like a white supremacy forum, would be
considered abusive due to the predominant discussion topics being inherently racist. This
variation in content and style across sources could inadvertently train classifiers to detect
the style rather than the substance of abuse, affecting the overall reliability of the dataset.

Table 11.: Dataset ISHate: Implicit Hate Speech Classification with GPT Models

Macro-Average F1 | Macro-Average F1 | Macro-Average F1
Approach | Model Non-HS Explicit HS Implicit HS
Zero-Shot | GPT-3.5 75.43 74.01 13.54
Few-Shot GPT-3.5 82.28 67.42 15.52
Zero-Shot GPT-4 85.80 64.08 20.96
Few-Shot GPT-4 85.49 52.22 19.01
Fine-Tuned | DeBERTa 91.30 85.10 44.20

To conclude, the experiments attempted to replicate the classification task on the
ISHate dataset, categorizing speech into non-hate, explicit hate, and implicit hate using
GPT models. Results showed that Ocampo et al./s (2023) DeBERTa model significantly
outperformed GPT-4, particularly in identifying implicit hate speech. The performance
issues with GPT models could be linked to labeling inconsistencies and dataset bias.
Some examples labeled as non-hate speech were arguably explicit hate speech, while some
implicit hate speech examples were labeled as explicit. These discrepancies suggest that
the ISHate dataset’s gold standard might be compromised, impacting the evaluation of
the models’ classification performance. Additionally, dataset bias due to diverse sources
and varying amounts of abusive content could have affected the reliability of the dataset
and the classifiers’ performance.
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6.2. Identity Groups, Fuphemaistic Abuse, and
Comparisons: Hate Speech Detection with GPT
Models

This section discusses the results from the experiments described in Section [5.3] which
had the primary goal of establishing a baseline. The experiments aimed to determine
how effectively GPT models can detect implicit hate speech using zero-shot and few-shot
techniques, setting a performance benchmark for further experiments.

Table 12.: Datasets Identity Groups, Fuphemistic Abuse and Comparisons: Implicit
Hate Speech Detection with GPT Models in the Zero-Shot and the Few-Shot
Prompting Approach with the Marker offensive

Macro-Average F1 | Macro-Average F1
Dataset Classifier | Zero-Shot Few-Shot
Identity Groups LLaMA-2 52.75
Euphemistic Abuse | LLaMA-2 34.91
Comparisons LLaMA-2 40.22
Identity Groups Majority 36.00
Euphemistic Abuse | Majority 39.20
Comparisons Majority 33.30
Identity Groups GPT-3.5 64.91 55.70
Euphemistic Abuse | GPT-3.5 59.76 55.37
Comparisons GPT-3.5 58.90 64.95
Identity Groups GPT-4 81.26 82.59
Euphemistic Abuse | GPT-4 76.16 76.38
Comparisons GPT-4 75.93 70.63

Table shows the baseline results for direct implicit hate speech detection with
LLaMA-2, GPT-3.5, and GPT-4 across various datasets. Due to limited space, only one
of the five markers, hateful, abusive, offensive, toxic, or insulting, was selected for analysis.
The results for the offensive marker were chosen for inclusion in Table [12] because of its
consistent performance across both models and prompting approaches, providing a reliable
metric for comparison. The results for all markers, models, and datasets are available in
Table 23] in Appendix [A.5]

As noted previously in Section [5.4] experiences with LLaMA-2 were less than satisfactory.
The model was slow, prone to crashes, and often failed to respond appropriately, suggesting
it might not have fully grasped the task. This observation is supported by the results
presented in Table To provide a clearer perspective on LLaMA-2’s performance, Table
includes results from a majority classifier, as provided by |Wiegand et al.(2021a, 364,
2022, 5607, 2023, 16287). This classifier predicts the most frequent class in the data
for all observations. Given that using LLaMA-2 in a few-shot approach might not yield
significantly better results, and with limited time available, the decision was made to
discontinue using LLaMA-2 and to focus efforts on more promising experiments.

Next, the analysis shifts to GPT-3.5’s ability to detect implicit hate speech. The
findings indicate that GPT-3.5 generally struggled with recognizing implicitly abusive

95



6. Results

language. Surprisingly, the few-shot prompting did not lead to improvements and, for
some datasets, the F1 score actually decreased. Only in the Comparisons dataset did the
few-shot approach show improvement.

Table 13.: Dataset Comparisons: Implicit Hate Speech Detection with GPT-4 using Zero-
and Few-Shot Prompting

Marker | F1 Zero-Shot | F1 10-Shot | F1 15-Shot
Hateful 69.09 71.07 73.21
Insulting 71.74 69.30 71.43
Offensive 75.93 70.63 71.29
Toxic 74.76 71.24 74.37
Abusive 71.55 72.31 74.55

In contrast to GPT-3.5, GPT-4 demonstrated a strong ability to recognize implicit hate
speech in the zero-shot approach, and showed further improvement with few-shot learning.
The exception was with the Comparisons dataset where the F1 score decreased. A closer
inspection of recall and precision revealed many false negatives in the class other, i.e., the
negative class. This issue is highlighted by the low recall for the negative class, as detailed
in Table [1§]in Appendix A subsequent attempt with few-shot learning, providing 15
examples to the GPT model, five for the positive class and ten for the negative, resulted in
improvements, as shown in Table [I3] The corresponding prompt template is also available
in Appendix [A.]]

In conclusion, the evaluation of implicit hate speech detection reveals varying results
among the models tested. LLaMA-2’s performance was unsatisfactory due to technical
issues and poor task comprehension, leading to its discontinuation in further experiments.
GPT-3.5 generally struggled with recognizing implicitly abusive language, with few-shot
prompting often not improving its performance and sometimes even reducing the F1 score.
GPT-4, however, showed strong capabilities in zero-shot detection, further enhanced by
few-shot learning.

6.3. GPT-Driven Extraction of Linguistic Features of
Implicit Hate Speech

Section discusses the development and testing of methods for automated feature
extraction from text data, where the goal is to identify linguistic patterns associated with
the following specific forms of implicit hate speech: implicit hate speech targeting identity
groups, abusive comparisons, and euphemistic abuse. The extracted features are intended
to be used in machine learning algorithms to improve the classification and understanding
of implicit hate speech.

6.3.1. Dataset Identity Groups: Extraction of Linguistic Feature
with GPT Models

To begin, the results of the automated feature extraction for detecting implicit hate speech
targeting identity groups is presented. Section discusses these features, including
linguistic aspects systematically extracted using GPT models.
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First, the depiction of the target as non-conformist is analyzed, focusing on whether the
target group is portrayed as deviating from societal norms, which can also constitute a
form of implicit hate speech. Given the complexity of this concept, two distinct approaches
for the prompts were devised. In the first approach, i.e., the feature was clearly
defined similarly to Wiegand et al. (2022) and then a binary classification was requested.
In the second approach, shown in the concept of non-conformist was abstracted
to simplify the task.

Prompt 1 Non-conformist views are sentences in which the sentiment of the person
performing the action (agent) towards the person or the thing receiving the
action (patient) disagrees with the sentiment of the patient. In this context,
consider this sentence “{SENTENCE}” Does the author of this sentence think
that {TARGET} are non-conformist? Answer either “YES” or “NO”. No other
answer permitted.

Prompt 2 Consider this sentence “{SENTENCE}”. Does the author of this sentence have
a negative sentiment towards {TARGET}? Answer either YES or NO. No
other answer permitted.

Second, the non-episodic aspect identifies statements that are habitual or generalize
behaviors rather than describing specific incidents. This feature aids in understanding the
generalizing nature of hate speech. The corresponding prompt was:

Prompt 3 Classify the following sentence as either “EPISODIC” or “NON-EPISODIC”:
“{SENTENCE}”. No other answer permitted. Answer “EPISODIC” if the
sentence expresses information about a singular, distinctive or particular event.
Answer “NON-EPISODIC” if the sentence expresses information about a reoc-
curring event, about something resorted to on a regular basis, something of a
commonplace character, typical, normal, or standard.

Third, the portrayal of the target as a perpetrator is examined to determine whether
the utterance depicts the target group as a wrongdoer, thus contributing to negative
stereotyping. The prompt for this feature was:

Prompt 4 A perpetrator is a person who commits an illegal, criminal, harmful or evil
act. Consider the following sentence: “{SENTENCE}”. Does the author of this
sentence think that {TARGET} are perpetrators? Answer either YES or NO.
No other answer permitted.

Table 20| of Appendix lists all the prompts tested during the experiments described
in Section [5.4.1] The above prompts were the most successful and were therefore reused in
the few-shot approach. In Table [14] the best results of feature extraction using zero-shot
prompting are presented. The results achieved by all prompts that were tested can be
found in Table [I9]in Appendix [A.2]

The data demonstrates a significant advantage in favor of GPT-4, particularly in its
effective handling of the perpetrator feature. Nevertheless, it is noteworthy that both
GPT-3.5 and GPT-4 encountered significant challenges with the non-conformist feature,
a concept that is admittedly difficult to grasp. Interestingly, when compared to the first
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approach described in both models showed significantly improved results with
the approach that abstracted the concept of non-conformist, as described in
2] Next, the feature extraction using few-shot prompting is examined, where the most
effective prompts from the zero-shot approach were paired with ten examples, five examples
representing each class.

Table 14.: Dataset Identity Groups: Best Results for the Zero-Shot Automated Extraction
of Linguistic Feature of Implicit Hate Speech with GPT Models

Feature Prompt | Model | Macro-Average F1
Non-Conformist | [Prompt 1| | GPT-3.5 51.06
Non-Conformist | [Prompt 2| | GPT-3.5 58.97
Aspect Prompt 3| | GPT-3.5 73.95
Perpetrator Prompt 4| | GPT-3.5 69.31
Non-Conformist | [Prompt 1| | GPT-4 53.08
Non-Conformist | [Prompt 2| | GPT-4 62.58
Aspect Prompt 3| | GPT-4 83.06
Perpetrator Prompt 4 | GPT-4 82.24

Table presents a comparison between the zero-shot and few-shot prompting ap-
proaches. It shows that GPT-3.5 did not benefit from the inclusion of examples in the
prompts; in fact, its F'1 score decreased compared to the zero-shot approach. This aligns
with the findings discussed in Section [6.2] which established a baseline for implicit hate
speech detection using GP'T models. Conversely, GPT-4 showed a significant improvement
with few-shot prompting, as its F'1 score increased markedly across all three linguistic
features analyzed.

Table 15.: Dataset Identity Groups: Feature Extraction with GPT-3.5 and GPT-4 in the
Zero-Shot and the Few-Shot Approach

Prompting | Feature Prompt | Model | Macro-Average F1
Zero-Shot Non-Conformist | [Prompt 2| | GPT-3.5 58.97
Few-Shot Non-Conformist | [Prompt 2| | GPT-3.5 54.67
Zero-Shot Non-Conformist | [Prompt 2| | GPT-4 62.58
Few-Shot Non-Conformist | |Prompt 2| | GPT-4 66.28
Zero-Shot Aspect Prompt 3 | GPT-3.5 73.95
Few-Shot Aspect Prompt 3| | GPT-3.5 56.44
Zero-Shot Aspect Prompt 3| | GPT-4 83.49
Few-Shot Aspect Prompt 3 | GPT-4 84.87
Zero-Shot Perpetrator Prompt 4| | GPT-3.5 69.31
Few-Shot Perpetrator Prompt 4| | GPT-3.5 63.83
Zero-Shot Perpetrator Prompt 4| | GPT-4 82.24
Few-Shot Perpetrator Prompt 4| | GPT-4 85.06
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6.3.2. Dataset Fuphemistic Abuse: Extraction of Linguistic
Feature with GPT Models

In Section [5.4.2] six linguistic features of euphemistic abuse are identified and extracted
using GPT models. The first feature is negated antonyms of abusive words. This involves
using phrases that are the negated forms of an abusive word, such as saying “not smart”
instead of “stupid.” The second feature is extremes, which includes language that employs
extremes or superlatives, exaggerating qualities to the point of insult without explicit
abuse. The third feature is lexicalization, referring to phrases that have become fixed
expressions or idioms that might carry negative connotations. The fourth feature is
opposing sentiments, identifying sentences where sentiments oppose each other, reflecting
a contradictory tone often used to disguise abuse. The fifth feature is taboo topics,
recognizing when discourse veers into taboo subjects, which can indicate an attempt to
euphemistically express abuse while discussing normally sensitive topics. The final feature
is unusual properties, which identifies when unusual or unexpected attributes are ascribed
to people or groups, subtly conveying negativity or abuse. Section describes each of
these features in further detail and presents the prompts used to automatically extract
them with GPT models.

Table 16.: Dataset Fuphemistic Abuse: Feature Extraction with GPT-3.5 and GPT-4 in

the Zero-Shot and the Few-Shot Approach

Prompting | Model | Feature Macr-Average F1
Zero-Shot GPT-3.5 | Antonym 54.95
Few-Shot GPT-3.5 | Antonym 49.36
Zero-Shot GPT-4 Antonym 65.94
Few-Shot GPT-4 | Antonym 69.25
Zero-Shot GPT-3.5 | Extreme 59.80
Few-Shot GPT-3.5 | Extreme 54.79
Zero-Shot GPT-4 Extreme 70.72
Few-Shot GPT-4 Extreme 72.03
Zero-Shot GPT-3.5 | Lexicalization 53.27
Few-Shot GPT-3.5 | Lexicalization 55.02
Zero-Shot GPT-4 Lexicalization 73.59
Few-Shot GPT-4 Lexicalization 72.62
Zero-Shot GPT-3.5 | Opposing Sentiments 56.79
Few-Shot GPT-3.5 | Opposing Sentiments 55.60
Zero-Shot GPT-4 Opposing Sentiments 69.04
Few-Shot GPT-4 Opposing Sentiments 69.18
Zero-Shot GPT-3.5 | Taboo 58.65
Few-Shot GPT-3.5 | Taboo 58.70
Zero-Shot GPT-4 Taboo 71.17
Few-Shot GPT-4 Taboo 73.49
Zero-Shot GPT-3.5 | Unusual 60.34
Few-Shot GPT-3.5 | Unusual 62.00
Zero-Shot GPT-4 Unusual 74.27
Few-Shot GPT-4 Unusual 74.45

First GPT-3.5’s capabilities at recognizing linguistic feature of euphemistic abuse is
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examined. As seen in Table [I6] the F1 scores achieved by GPT-3.5 are not exceptionally
high, generally hovering around 50 to 60%. In most cases, the zero-shot approach has
slightly higher F1 scores compared to the few-shot approach. Similarly to the previous
experiments, the generally lower performance in the few-shot setting across most features
suggests that providing few examples does not significantly help GPT-3.5.

Next, the performance of GPT-4 on the same tasks is examined. The results demonstrate
an overall improvement in F1 scores across all features compared to GPT-3.5, suggesting
that GPT-4 is better equipped to handle the nuances of euphemistic language. While
few-shot learning generally provides a slight advantage for certain features, indicating that
additional examples help refine the model’s predictions, the performance is still moderate.

6.3.3. Dataset Comparisons: Extraction of Linguistic Feature
with GPT Models

In Section [5.4.3], six linguistic features of abusive comparisons are identified and extracted
using GPT models. The first feature concerns absurd images, which involves comparisons
that invoke bizarre or extremely unlikely scenarios, often adding a layer of ridicule
or surreal critique. The second feature captures instances of contradiction, where the
comparison contains elements that are logically or typically contradictory, often used for
ironic or sarcastic effect. The third feature involves dehumanization, depicting a person
or their traits in terms of non-human entities, typically indicating a form of devaluation
or abuse. The fourth feature differentiates between evaluation and emotional frame of
mind, distinguishing statements that negatively evaluate a person’s attributes or actions
from those that describe a person’s emotional state without judgment. The fifth feature
distinguishes between figurativeness and literalness, identifying comparisons where the
descriptor and the topic are fundamentally different types of entities, which is figurative,
versus those where they can be interchangeably used without altering the meaning, which
is literal. The final feature identifies language that engages with taboos, socially or
culturally prohibited topics that are often seen as offensive or inappropriate in many
contexts. Section [5.4.3] provides a more detailed description of these features and explains
which prompts were tested to automatically extract them using GPT models.

Table [17] presents the results of the automated extraction of these linguistic features
of abusive comparisons using GPT-3.5 and GPT-4, in both the zero-shot and few-shot
approaches. The findings align with those in Table [16] Using GPT-3.5, the F1 scores
mostly range from 47 to 60%, indicating moderate performance. In most instances
with GPT-3.5, the zero-shot approach achieves slightly higher F1 scores than the few-
shot approach. This is consistent with earlier experiments, where the few-shot setting
generally underperformed across most features, suggesting that providing a small number
of examples does not significantly enhance GPT-3.5’s effectiveness.

Next, the performance of GPT-4 on these tasks is assessed. The results indicate that few-
shot prompting generally yields higher F1 scores with GPT-4. This is particularly notable
in the contradiction and dehumanization features, where few-shot learning significantly
improves model performance. These findings suggest that incorporating a small set
of example inputs into the prompts can effectively enhance GPT-4’s ability to discern
complex linguistic patterns, thereby boosting its overall performance in automated feature
extraction tasks.
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Table 17.: Dataset Comparisons: Feature Extraction with GPT-3.5 and GPT-4 in the
Zero-Shot and the Few-Shot Approach

Prompting | Model | Feature Macr-Average F1
Zero-Shot GPT-3.5 | Absurd 56.88
Few-Shot GPT-3.5 | Absurd 52.41
Zero-Shot GPT-4 Absurd 61.88
Few-Shot GPT-4 Absurd 64.10
Zero-Shot GPT-3.5 | Contradiction 53.78
Few-Shot GPT-3.5 | Contradiction 56.53
Zero-Shot GPT-4 Contradiction 68.20
Few-Shot GPT-4 Contradiction 83.36
Zero-Shot GPT-3.5 | Dehumanization 52.15
Few-Shot GPT-3.5 | Dehumanization 58.09
Zero-Shot GPT-4 Dehumanization 71.00
Few-Shot GPT-4 Dehumanization 80.09
Zero-Shot GPT-3.5 | Evaluation/Frame 51.65
Few-Shot GPT-3.5 | Evaluation/Frame 53.94
Zero-Shot GPT-4 | Evaluation/Frame 56.02
Few-Shot GPT-4 | Evaluation/Frame 55.18
Zero-Shot GPT-3.5 | Figurative/Literal 56.14
Few-Shot GPT-3.5 | Figurative/Literal 47.77
Zero-Shot GPT-4 | Figurative/Literal 80.12
Few-Shot GPT-4 | Figurative/Literal 80.80
Zero-Shot GPT-3.5 | Taboo 60.48
Few-Shot GPT-3.5 | Taboo 56.51
Zero-Shot GPT-4 Taboo 73.75
Few-Shot GPT-4 Taboo 74.24

6.4. Rule-Based Classifier for Implicit Hate Speech
Detection Using Data Generated by GPT Models

Figure [14] shows the results of the rule-based classifiers compared to the baselines es-
tablished in Section [6.2l As a reminder, the rule-based classifier discussed in Section
[5.5] assesses sentences against specific linguistic criteria to determine if they constitute
implicit hate speech. It examines whether a sentence is non-episodic, indicating habitual
or routine descriptions rather than isolated events. Further, it checks if the sentence
portrays the targeted group either as perpetrators involved in reprehensible actions or
as non-conformists deviating from societal norms. If a sentence meets the non-episodic
criterion and one of the latter conditions, it is classified as implicit hate speech; otherwise,
it is labeled as other. Algorithm [5| shows the logic behind this simple rule-based classifier.

The first five classifiers depicted in Figure [14] are rule-based classifiers, each varying
based on the data they utilize. The classifier labeled as Human Annotator is based on the
basic model developed by |Wiegand et al.| (2022, 5606), which relies on manually extracted
features. The GPT-3.5 Zero-Shot classifier uses features predicted by GPT-3.5 through
zero-shot prompting, replacing annotations typically done by crowdworkers. Similarly,
the GPT-3.5 Few-Shot classifier employs predictions from GPT-3.5 with the few-shot
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Figure 14.: Dataset Identity Groups: Implicit Hate Speech Detection with Rule-Based
Classifiers

approach. The GPT-4 Zero-Shot classifier applies predictions from GPT-4 in zero-shot
prompting, while the GPT-4 Few-Shot classifier uses predictions from GPT-4 with the
few-shot approach.

These rule-based classifiers are contrasted with the baseline classifiers listed for com-
parison. The Baseline LLaMA-2, Baseline GPT-3.5, and Baseline GPT-4 represent the
foundational standards as outlined in Section 6.2l The best results for the marker offens-
ive were selected due to its consistent performance across both models and prompting
approaches, providing a reliable metric for comparison. As illustrated in Table of
Appendix [A.5] the offensive marker serves as a middle ground in performance, neither
scoring too high nor too low, making it a good representative of the models’ overall ability
to detect implicit hate speech.

Figure [14] illustrates the progress made with the rule-based classifier, particularly in
comparison to the classifier developed by [Wiegand et al.| (2022, 5606), which relied on
manually extracted features and attained an average F1 score of 77.70%. Notably, the
implementation of data extracted by GPT-4 through the zero-shot approach, and even
more so in the few-shot approach, has enhanced the performance of this classifier by
providing higher quality training data. However, the data extracted by GPT-3.5 did
not yield successful outcomes, neither in the zero-shot nor in the few-shot approach.
This comparison underscores the critical role of superior training data in boosting model
performance.

Furthermore, contrasting the results of the rule-based classifiers with those of the
baselines, shows that all classifiers outperform LLaMA-2’s capabilities at direct implicit
hate speech detection. Also the direct detection capabilities of GPT-4 without any features
outperformed Wiegand et al.s (2022, 5606) rule-based classifier, which relied on manually
extracted features. It further shows that except for the GPT-3.5 Few-Shot model, all
rule-based classifiers exceed the performance of GPT-3.5 in detecting implicit hate speech
directly. Yet, only the rule-based classifiers utilizing data produced by GPT-4 significantly
surpass not only the direct detection capabilities of GPT-4 but also the classifier using

102



6.5. Logistic Regression Trained on Data Generated by GPT' Models

manually extracted features. This demonstrates that the three linguistic features, aspect,
non-conformist, and perpetrator roles, are predictive of implicit hate speech. Additionally,
this data suggests that substituting human annotators with GPT-4 not only is feasible
but also leads to superior results. Details of the F1 scores for each classifier are available

in Table 21 in Appendix [A.3]

6.5. Logistic Regression Trained on Data Generated by
GPT Models

The goal of the experiments described in Section was to determine if the features
extracted automatically by GPT-3.5 and GPT-4 were predictive of implicitly abusive
language. To this end, four different logistic regression models were trained, each with
the same experimental setup but using different training data:

e The first model was trained using completions derived from the automated extraction
of linguistic features described in Section In the upcoming figures, this model is
called Ling. Feat.

e The second model used completions from the previously established baseline, de-
scribed in Section [6.2] namely the responses to the five prompts marked hateful,
abusive, offensive, toxic, and insulting. These completions served as feature inputs
and the model is labeled Completions DHSD (Direct Hate Speech Detection) in the
figures.

e The third model combined completions from both the automated linguistic feature
extraction and the baseline prompts, referred to as Ling. Feat. + Completions
DHSD in the figures.

e The fourth model utilized completions from the automated extraction of linguistic
features and the response from the prompt marked offensive. This choice was based
on its consistently good, though not always optimal, performance with both GPT-3.5
and GPT-4. This model is named Ling. Feat. 4+ Completion “offensive” in the
figures.

The figures also include the baseline established in Section [6.2] displaying values
corresponding to the F1 score for the offensive marker in either zero-shot or few-shot
prompting approach with GPT-3.5 or GPT-4, depending on the experiment being analyzed.
As previously explained the marker offensive was selected due to its consistent performance
across both models and prompting approaches. Details of the F1 scores for each model
across all figures are available in Table 22]in Appendix

In addition, the figures feature a dotted horizontal line labeled LRT-MGF, which stands
for Logistic Regression Trained on Manually Generated Features. This line represents the
F1 scores reported by |Wiegand et al. (2021a) 364, [2023, 16287). Unlike the experiments
presented here, which use data from GPT models, their studies utilized data collected by
human annotators. Additionally, for comparison, a logistic regression model was trained
using the gold standard data from the Identity Groups dataset, which was produced by
crowdworkers. The horizontal dotted line in Figures 15| and [16] represents the F'1 score
from this logistic regression model.
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Figure 15.: Dataset Identity Groups: Logistic Regression Classifiers Trained on Data
Generated by GPT-3.5

6.5.1. Dataset Identity Groups: Logistic Regression Trained on
Data Generated by GPT Models

Figure [I5] displays the results from logistic regression models trained with GPT-3.5 data on
the Identity Groups dataset using both zero-shot and few-shot prompting. The few-shot
approach shows a reduction in F1 scores compared to the zero-shot method, aligning with
past findings. All models surpass the baseline in detecting implicit hate speech, suggesting
the features chosen are effective. Models that integrate linguistic features with additional
completions from baseline prompts generally yield better outcomes than those using only
linguistic features. However, they still do not match the performance of models trained
with data from crowdworkers, indicating that GPT-3.5 cannot replace human annotators.

Figure [16] presents results from logistic regression models using data generated by GPT-4
for the same dataset and prompting approaches. In contrast to Figure [15] the few-shot
approach in Figure [16| generally improves results over the zero-shot method, consistent
with earlier experiments. The performance gap between models is narrower, showing
GPT-4’s enhanced robustness.

The best-performing models are Ling. Feat. + Completions DHSD and Ling. Feat.
+ Completion “offensive” closely followed by the model Ling. Feat., all three in the
few-shot approach. The difference between Ling. Feat. and Ling. Feat. + Completion
“offensive” is statistically significant. The t-statistic is -5.983, the p-value is 0.0039, and
with a degree of freedom of 4, i.e., n — 1, where n is the number of cross-validation folds,
which indicates a significant difference between the two conditions. This incremental
improvement was assessed using a t-test on the F1 scores from cross-validation folds,
employing the SciPy module for statistical functions called scipy.stats (Virtanen et al.,
. The t-test results, showing a p-value under 0.05, confirm the statistical significance
of these improvements. This indicates a significant advantage when linguistic features are
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Figure 16.: Dataset Identity Groups: Logistic Regression Classifiers Trained on Data
Generated by GPT-4

combined with completions from hate speech detection prompts.

The baseline model also performs well, especially when compared to its counterpart
in the GPT-3.5 analysis. However, not as well as the logistic regression models. This
indicates that using a logistic regression model trained on GPT-4 generated data is more
effective at recognizing implicit hate speech than directly instructing GPT-4 to perform
the classification task.

Furthermore, all models surpass the dotted line representing the performance of logistic
regression trained on manually generated features, suggesting that GPT-4 can effectively
substitute human annotators.

6.5.2. Dataset Fuphemistic Abuse: Logistic Regression Trained on
Data Generated by GPT Models

Figure [17 shows results from logistic regression models trained on the Fuphemistic Abuse
dataset with GPT-3.5 data, using both zero-shot and few-shot prompting. In this scenario,
all models demonstrate lower F1 scores compared to other datasets, indicating that
detecting euphemistic abuse is particularly challenging for GPT-3.5. The performances
of the various models are quite similar, suggesting that neither adding completions nor
integrating linguistic features significantly surpass the baseline. All models perform
substantially below the dotted line representing logistic regression trained on manually
generated features, reinforcing that GPT-3.5 cannot substitute for human annotators.
Figure [1§ presents results from logistic regression models trained with GPT-4 data on the
same Fuphemistic Abuse dataset, again using both prompting approaches. As seen with
previous datasets, all models trained with GPT-4 data show improved performance over
those trained with data generated by GPT-3.5. Additionally, the baseline demonstrates
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Figure 17.: Dataset Fuphemistic Abuse: Logistic Regression Classifiers Trained on Data
Generated by GPT-3.5
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significant improvement over its GPT-3.5 counterpart.

Models combining linguistic features with completions, i.e., Ling. Feat. + Completions
DHSD and Ling. Feat. + Completion “offensive”, perform well, with scores close to
and even surpassing the performance represented by the LRT-MGF dotted line. This
underscores the effectiveness of a multifaceted approach that uses linguistic insights
alongside targeted prompt completions in identifying euphemistic abuse.

However, a t-test was conducted to compare the performance of the Baseline model
and the Linguistic Features + Completions DHSD model. The t-statistic was 2.037, the
p-value was 0.1113, with a degree of freedom of 4, i.e., n — 1, where n is the number of
cross-validation folds. The results showed that there is no statistically significant difference
between the two models. Therefore, the difference in their performance is not large enough
to be considered meaningful, and it could be due to random chance. The method that
involves training a logistic regression model using data that was generated by GPT-4 is
equally effective at identifying implicit forms of euphemistic abuse as the method that
directly uses GPT-4 to classify sentences into abuse or other.

6.5.3. Dataset Comparisons: Logistic Regression Trained on Data
Generated by GPT Models
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Figure 19.: Dataset Comparisons: Logistic Regression Classifiers Trained on Data Gener-
ated by GPT-3.5 and GPT-4 in the Zero-Shot Prompting Approach

Figure (19 shows the results of logistic regression models trained on the Comparisons
dataset using data generated by GPT-3.5 and GPT-4 with zero-shot prompting. As
discussed in Section few-shot prompting for automated feature extraction was
not entirely feasible. Therefore, Figure [19) compares the logistic regression results using
zero-shot data from GPT-3.5 and GPT-4, rather than comparing zero-shot with few-shot
prompting.
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Most findings from previous figures are applicable here. GPT-4 demonstrates greater
robustness and effectiveness in detecting implicit hate speech and extracting linguistic
features. All models using GPT-4 data outperform the model based on manually generated
data, with the Ling. Feat. + Completion “offensive” model achieving the highest F1 score.
In contrast, the only model using GPT-3.5 data to exceed the performance of the manually
generated data model is Ling. Feat. + Completions DHSD, and only by a narrow margin.

When using GPT-4 generated data, the model Ling. Feat. 4+ Completions DHSD
significantly outperforms the model Ling. Feat., as indicated by a t-test with a p-value
of 0.05. This suggests that the completions from the direct hate speech detection with
GPT-4 can be effectively used as features.

However, further analysis of the GPT-4 data revealed through t-tests that there is no
statistically significant difference between the Baseline and the Ling. Feat. + Completion
“offensive” model, nor between the Completions DHSD and Ling. Feat. + Completion
DHSD models. The respective t-statistics were -0.204 and 0.872, with p-values of 0.848
and 0.432 and a degree of freedom of 4. This indicates that there is no measurable
improvement over the baseline established in Section [6.2], and that these four models
are equally effective at recognizing implicitly abusive comparisons. These findings are
consistent with the ones from previous experiments with the dataset Euphemistic Abuse.
Using a logistic regression model trained on GPT-4 generated data is just as effective as
directly instructing GPT-4 to perform the classification task.

In conclusion, logistic regression models trained on data generated by GPT-4 consistently
outperform those trained on data from GPT-3.5. Additionally, the few-shot prompting
approach with GPT-4 improves results over the zero-shot method, whereas the few-
shot approach with GPT-3.5 shows a reduction in performance compared to zero-shot.
Furthermore, models using GPT-4 data generally surpass the performance of logistic
regression models trained on manually generated features, suggesting that GPT-4 can
effectively substitute human annotators in identifying implicit hate speech and its linguistic
features. Moreover, models that combine linguistic features with completions from baseline
prompts, such as Ling. Feat. + Completions DHSD, perform better than those using
only linguistic features. Lastly, for the Fuphemistic Abuse dataset, the difference in
performance between the Baseline model and the Ling. Feat. + Completions DHSD
model is not statistically significant, indicating similar effectiveness. Similar findings are
observed in the Comparisons dataset. However, this was not the case for the Identity
Groups dataset, where the logistic regression models trained on data generated by GPT-4
outperformed GPT-4’s capabilities at direct implicit hate speech detection. This indicates
that using logistic regression trained on GPT-4 generated data is either equal to or better
than directly instructing GPT-4 to perform the classification task.
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This chapter is organized into three sections. The first section outlines the major findings
from the experiments. The second section discusses the limitations and challenges
encountered during the study, including dataset constraints, temporal limitations, prompt
variability, transparency and reproducibility in LLMs. The final section addresses ethical
considerations, such as the implications of replacing human annotators with GPT models
and the potential biases inherent in these models.

7.1. Major Findings

The performance of LLMs varied significantly across all investigated aspects, with the most
recent and advanced model, GPT-4, demonstrating the strongest performance. This model
proved to be effective in both extracting linguistic features and categorizing examples as
implicit hate speech or non-hate speech.

The GPT-driven feature extraction showed varying results. Specifically, features such
as non-episodic aspect, depiction of targets as perpetrators, use of taboo topics, con-
tradictions, figurative language, and dehumanization were successfully extracted by the
LLMs. Conversely, the LLMs struggled to recognize features like the depiction of targets
as non-conformists, use of negated antonyms of abusive words, opposing sentiments,
evaluative statements, and absurd images.

An important insight from the study is that few-shot prompting did not consistently
improve results across all models. For instance, the performance of GPT-3.5 decreased
with few-shot prompting compared to zero-shot results, indicating that this approach
might not necessarily be beneficial depending on the model used. In contrast, GPT-4
showed improvement with few-shot learning, demonstrating its capability to refine its
predictions with additional examples.

Furthermore, the proposed linguistic features were validated as crucial markers for
detecting implicit hate speech. Training rule-based classifiers and logistic regression
models on the features extracted by GPT-4 performed equally well or better than directly
instructing GPT-4 to perform the classification task. This finding underscores the potential
of these features as reliable indicators for discriminating implicit hate speech from non-hate
speech.

Lastly, logistic regression models and rule-based classifiers using GPT-4 generated data
showed superior results compared to models trained on manually generated features. This
indicates that LLMs like GPT-4 can be effectively utilized to automate the extraction of
these linguistic features, reducing the dependency on manual annotation.

These findings have notable implications for the development of automated systems for
hate speech detection. They demonstrate that advanced LLMs, particularly GPT-4, can
enhance the efficiency of implicit hate speech detection through effective feature extraction.
This advancement not only streamlines the process but also ensures that subtle and covert
forms of hate speech are more accurately identified, contributing to a safer and more
respectful online environment.
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7.2. Limitations and Challenges

This thesis acknowledges several limitations and challenges that impact the findings and
conclusions. First, the datasets utilized in this thesis have notable constraints. As indicated
by Wiegand et al. (2022)), the Identity Groups dataset may not fully represent real-world
implicit hate speech, potentially lacking an accurate reflection of actual occurrences.
Composed solely of atomic negative sentences, this dataset represents single ideas and
conveys negative sentiments. However, real-world hate speech is often more nuanced and
does not always follow this straightforward pattern. For instance, consider the abusive
sentence:

(1) “Once again, we find Jews and money money money.” (Wiegand et al., 2022, 5608)

Unlike direct negative statements, this sentence subtly links a stereotype, i.e., Jews and an
obsession with money, without explicit negative action by the target. Thus, hate speech
can be veiled in statements that do not explicitly use negative verbs or direct insults.

Moreover, abuse does not always remain within sentence boundaries, and context
might be necessary for its recognition. [Wiegand et al. (2022) highlight the challenges of
classifying certain sentences as factual statements or opinions influenced by stereotypical
views. For example (Wiegand et al., 2022, 5608):

(2) “Women overuse makeup.”

(3) “Muslims suppress Christian life in Iraq.”

The interpretation of these sentences as abusive depends on perceiving them as opinions
rather than facts. Additionally, the perception of a sentence’s abusiveness can vary based
on the reader’s ideology or prior sentiment. Consider Examples and taken from
Wiegand et al.| (2022, 5608).

(4) “Muslims surrender to God’s will.”

(5) “Women unmake patriarchy.”

Atheists might view Example as abusive, while religious individuals may not.
Similarly, feminists and non-feminists may perceive Example differently. Accurately
resolving these ambiguities is challenging without additional context.

The Euphemistic Abuse dataset has limitations as well due to its creation through
crowdsourcing rather than extracting text from existing datasets or the Web, raising
concerns about its authenticity. However, Wiegand et al. (2023) argue that, similarly to
many other sub-types of implicit abuse, current datasets lack a sufficiently representative
set of instances for these long-tail phenomena. This crowdsourcing strategy has also been
employed for other sub-types of implicitly abusive language (Vidgen et al., 2021; Wiegand
et al., 2021a)) and fields such as plagiarism detection (Potthast et al., 2010 and deception
detection (Ott et al., 2011).

Similarly, the Comparisons dataset was created by having crowdworkers invent instances
of abusive language, potentially resulting in unauthentic data that may not fully capture
natural language use in real-world scenarios. Wiegand et al.| (2021a)) acknowledge that
creating a dataset via crowdsourcing inevitably results in artificial data. However, they
argue that this method is necessary to produce a dataset of reasonable size with low bias,
crucial for researching abusive comparisons.
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Second, this study represents a snapshot in time. As new GPT models are continuously
released, the findings and conclusions drawn here are likely to become outdated quickly.
For instance, Llama-3 (Al@Meta) 2024) and GPT-40 (OpenAl| [2024) were released in
May 2024, highlighting the rapid pace of development in this field. Future advancements
in GPT technology or entirely new approaches may yield different results, necessitating
ongoing evaluation and adaptation.

Third, the vast potential for prompt formulations introduces a virtually infinite search
space. Outcomes can vary significantly depending on how prompts are phrased. Ideally, a
much larger variety of prompts would have been tested to explore this variability, but time
constraints limited the scope of prompt experimentation in this thesis. Still, a wide range
of features and prompt variations were tested and reported here, offering a comprehensive
foundation for future research in implicit hate speech detection. Additionally, due to
the time gap between experiments, slight variations in the instructions of the prompts
have occurred. Although small due to the high similarity, such as “No other answer is
permitted” vs. “No other answer permitted,” these deviations could have possible effects
on the predictions obtained.

Finally, according to Rogers (2023), closed LLMs should not be used to establish public
benchmarks due to their lack of transparency and reproducibility. Without detailed
knowledge of their architecture, training data, and methodologies, it is impossible to make
meaningful comparisons or validate results. The unknown training data poses a risk of
overlap between training and test datasets, leading to artificially improved outcomes. This
potential contamination undermines the scientific integrity of research. Open, transparent
models that can be independently verified and reproduced are essential for maintaining
rigorous scientific standards in NLP research. However, this master’s thesis does not aim
to establish a new public benchmark for implicit hate speech detection. The baseline
described in Sections [5.3]| and was used merely for comparison within the proposed
experiments. Based on testing and examples, an improvement with GPT-4 has been
observed. But it is uncertain whether this improvement is due to an enhanced model
architecture or proprietary data.

7.3. Ethical Considerations

The research conclusively demonstrates that GPT-4 can effectively replace human annotat-
ors for the tasks of implicit hate speech classification and detection of linguistic features of
implicit hate speech, which are typically performed by crowdworkers (Mollas et al., 2020;
Founta et al., [2018; Wiegand et al., 2022)). Consequently, these findings could negatively
impact the workforce of human annotators. |Posch et al.[s (2022) findings suggest that for a
significant portion of crowdworkers, especially those in economically disadvantaged regions
such as Venezuela or India, microtask income is a crucial component of their financial
stability. Similarly, Ross et al.| (2010|) discuss the evolution of the crowdworker population,
noting a shift from a predominantly moderate-income, U.S.-based workforce to a more
diverse international group, including a substantial number of young, well-educated Indian
workers. This demographic change suggests that many workers may view microtasks
as a full-time occupation, essential for their financial survival. If GPT models are used
to replace these workers, it would significantly contribute to worldwide socio-economic
inequality.

Nevertheless, considering the potential benefits of this development is important. Beyond
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economic impacts, the psychological and emotional burden of annotating hate speech
should be addressed. Human annotators are often exposed to disturbing and harmful
content, leading to psychological distress. Research indicates that content moderators,
who regularly review such messages, experience significant emotional labor and are at
risk of developing secondary traumatic stress, compassion fatigue, and burnout (Steiger
et al., 2021)). Employing LLMs to handle these tasks can alleviate the emotional and
psychological strain on human annotators, providing relief and improving their overall
well-being.

Moreover, Ding et al.| (2022)) argue that the democratization of deep learning seeks
to make these technologies accessible across society, including to individuals, small and
medium-sized enterprises, academic research labs, and nonprofit organizations. Achieving
this objective could promote innovation, economic growth, fairness, and equality. However,
one significant obstacle to deep learning democratization is the necessity of well-annotated
data for training models, as they typically require large datasets. Ding et al. (2022)
note that supervised learning heavily depends on sufficient training data with accurate
annotations, and the data annotation process can be particularly costly for smaller
companies and organizations. These costs encompass labor for data tagging, as well as the
time and resources needed for hiring, training, and managing annotators. Additionally,
there are expenses related to the required annotation tools and infrastructure. [Ding et al.
(2022) highlight that smaller entities might lack the resources to produce enough training
data, thereby hindering their ability to benefit from advanced modeling techniques. While
pre-trained language models such as BERT (Devlin et al., 2019), XLNet (Yang et al.|
2019), and RoBERTa (Liu et al., 2019) help reduce some of the data demands, Ding et al.
(2022) emphasize that data annotation continues to be a vital and unavoidable challenge
in the training of supervised models. Substituting human annotators with GPT models
might negatively impact the workforce, but it could also advance the democratization of
deep learning.

Another major concern with GPT models is their tendency to perpetuate biases found
in the datasets used for their training (Bender et al., [2021). These biases arise because
GPT models are pre-trained on large volumes of unlabelled data, which can contain
inherent biases and stereotypes. Bender et al. (2021) pointed out that the vast datasets
used in training GPT models are assumed to represent diverse perspectives but are
biased by the narrow scope of internet participation and filtering processes. Consequently,
hegemonic viewpoints, including white supremacist, misogynistic, and ageist views are
overrepresented, amplifying these biases in the models.

Wang et al.| (2023) assessed the trustworthiness of GPT-3.5 and GPT-4, particularly
their susceptibility to biases and adversarial attacks. They found that while the models
generally avoid biased content, they can be manipulated by targeted prompts to produce
biased outputs. For example, GPT-4 showed different levels of bias depending on the
prompt and topic, displaying more biased content in response to certain stereotypes.
However, when presented with benign system prompts, both GPT models generally reject
biased statements for most stereotype-related topics.

Nevertheless, to tackle the issue of bias in GPT models, it is essential to ensure that
the training data for GPT models is diverse and encompasses a variety of experiences and
perspectives. This becomes problematic because GPT-3.5 and GPT-4 are proprietary,
and OpenAl does not disclose their training data. Therefore, ongoing monitoring and
evaluation of the models’ outputs are crucial to detect and correct any potential biases.
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8. Conclusion

This study investigated the effectiveness of LLMs in extracting linguistic features of
implicit hate speech in English and their contribution to automated detection. The
research primarily focused on evaluating LLaMA-2, GPT-3.5, and GPT-4.

LLaMA-2, an open-source alternative, faced technical issues and poor task comprehen-
sion, leading to its discontinuation for the task of linguistic feature extraction. GPT-3.5’s
performance was suboptimal, highlighting difficulties in recognizing implicitly abusive
language and its linguistic features. In contrast, GPT-4 showed substantial promise,
particularly when employing few-shot learning to extract complex linguistic features.
The findings indicated that rule-based classifiers utilizing data generated by GPT-4 out-
performed both GPT-4’s direct detection capabilities and classifiers based on manually
extracted features. Similarly, logistic regression models trained on GPT-4 generated data
demonstrated superior results compared to those trained on manually generated features.
This implies that leveraging linguistic features extracted by GPT-4 can significantly
enhance the detection of implicit hate speech.

The relevance of this research lies in addressing the challenge of limited availability
of accurately labeled data for implicit hate speech detection. By reducing the reliance
on manually annotated data, the proposed approach offers a potential solution to this
issue. The study’s findings suggest that GPT-4 shows potential as a substitute for human
annotators in identifying linguistic features of implicitly abusive language.

However, several limitations were identified. The proprietary nature of GPT models
training data raises concerns about transparency and potential biases. Moreover, the
socio-economic implications of replacing human annotators, particularly in economically
disadvantaged regions, warrant careful consideration.

Future work could explore several avenues to enhance LLMs’ effectiveness in hate speech
detection. Refining prompt formulations in few-shot and zero-shot scenarios could lead to
further performance improvements. Additionally, applying similar approaches with more
recent GPT models and extending research to other languages, particularly low-resource
languages, could broaden the impact and utility of these findings. Collaborative research
involving linguists and experts in various languages would be instrumental in investigating
whether the linguistic features used as indicators of hate speech in English are valid across
different languages. Moreover, GPT models could be explored as tools for annotating
data for other NLP tasks. This would not only reduce the reliance on labor-intensive
manual annotations but also improve the overall accuracy and efficiency of various NLP
applications.

In conclusion, this thesis suggests that utilizing GPT-4 for extracting linguistic features
and training classifiers can enhance the detection of implicit hate speech. The proposed
hybrid approach combines GPT-driven feature extraction with supervised feature-based
machine learning techniques, simplifying the typically complex process of feature extraction.
These findings provide a promising tool for addressing this pervasive issue, underscoring
the potential of advanced NLP techniques in improving automated hate speech detection.
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A. Appendix

A.1. Dataset Comparisons: Implicit Hate Speech
Detection with GPT-4 using Zero-Shot and
Few-Shot Prompting

Table 18.: Dataset Comparisons: Evaluation Metrics for Implicit Hate Speech Detection
with GPT-4 using Few-Shot Prompting

Marker | P. Neg. | R. Neg. | P. Pos. | R. Pos. | Av. P. | Av. R. | Av. F1

Abusive 86.40 47.00 63.60 92.60 75.00 69.80 72.31
Hateful 85.88 43.80 62.28 92.80 74.08 68.30 71.07
Insulting 90.56 32.60 58.90 96.60 74.73 64.60 69.30
Offensive 87.72 40.00 61.14 94.40 74.43 67.20 70.63
Toxic 83.33 48.00 63.48 90.40 73.41 69.20 71.24

As discussed in Section [5.0] the baseline for implicit hate speech detection with GPT
models was evaluated as follows. One linguistic marker of hate speech, i.e., abusive,
hateful, insulting, offensive, or toxic, was identified as the positive class, and the prediction
other was identified as the negative class for binary classification. Precision and recall
were calculated for both classes and averaged to get a single precision and recall value.
These values were used to determine the average macro F1 score. This method matched
the evaluation approach used by Wiegand et al.| (2021a], 2022, 2023)), allowing for direct
and reliable comparisons with their findings.

In contrast to GPT-3.5, GPT-4 demonstrated a strong ability to recognize implicit
hate speech in the zero-shot approach, and showed further improvement with few-shot
learning, as seen in Table[12] The exception was with the Comparisons dataset where
the F1 score decreased. A closer inspection of recall and accuracy revealed many false
negatives in the class other, i.e., the negative class. This issue is highlighted by the low
recall for the negative class, as detailed in Table [I8 A subsequent attempt with few-shot
learning, providing 15 examples to the GPT model, five for the positive class and ten for
the negative, resulted in improvements, as shown in Table [I3] The corresponding prompt
template can be seen here:

Sentence: “With your weight you have to take 3 seats at the cinema.” Answer:
“YES??

Sentence: “You look like death warmed up.” Answer: “NO”
Sentence: “You look like you have a case of the flu.” Answer: “NO”
Sentence: “A snail could do this job faster than you.” Answer: “YES”

Sentence: “You are as pale as a ghost.” Answer: “NO”
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Sentence: “Your expression is like your pet has died.” Answer: “NO”
Sentence: “Your drawings have the charm of a car crash.” Answer: “YES”
Sentence: “Your expression reminds me of a thunderstorm.” Answer: “NO”
Sentence: “You are as tall as a tree.” Answer: “NO”

ntence: ur mouth reminds m " Answer:
Sentence: “Yo outh reminds me of a fish.” Answer: “YES”

ntence: ur r r ranite.” Answer:
Sentence: “Your eyes are as hard as granite.” Answer: “NO”

: ur progress i A4 i rg. wer:

Sentence: “Yo ogress is as slow as an iceberg.” Answer: “NO”
Sentence: “You eat like a pig.” Answer: “YES”
Sentence: “Your car is as green as an olive.” Answer: “NO”
Sentence: “You talk like someone with lots on their mind.” Answer: “NO”

Is this sentence {MARKER}? “{SENTENCE}"” Answer either “YES” or “NO”.
No other answer permitted.

A.2. Dataset Identity Groups: List of Prompts Used
for GPT-Driven Feature Extraction

For the sake of completeness, Table reports on the results of the prompts listed in
Table [20] Table [20] lists all the prompts tested for the GPT-driven extraction of linguistic
features of implicit hate speech present in the dataset Identity Groups. The relevant
experiments are described in Section [5.4.1]

Table 19.: Dataset Identity Groups: All Results for the Zero-Shot Automated Extraction
of Linguistic Feature of Implicit Hate Speech with GPT Models

Feature Prompt from Table Iﬁl Model F1
Non-Conformist | Prompt 1 GPT-3.5 | 51.06
Non-Conformist | Prompt 2 GPT-3.5 | 58.97
Aspect Prompt 3 GPT-3.5 | 65.50
Aspect Prompt 4 GPT-3.5 | 63.81
Aspect Prompt 5 GPT-3.5 | 73.28
Aspect Prompt 6 GPT-3.5 | 73.95
Perpetrator Prompt 7 GPT-3.5 | 69.31
Perpetrator Prompt 8 GPT-3.5 | 63.50
Non-Conformist | Prompt 1 GPT-4 53.08
Non-Conformist | Prompt 2 GPT-4 62.58
Aspect Prompt 3 GPT-4 82.66
Aspect Prompt 4 GPT-4 82.28
Aspect Prompt 5 GPT-4 83.49
Aspect Prompt 6 GPT-4 83.06
Perpetrator Prompt 7 GPT-4 82.24
Perpetrator Prompt 8 GPT-4 79.90
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Table 20.: Dataset Identity Groups: List of Prompts Used for GPT-Driven Extraction of
Linguistic Features of Implicit Hate Speech

Prompt | Text

Prompt 1 | Non-conformist views are sentences in which the sentiment of the person
performing the action (agent) towards the person or the thing receiving the
action (patient) disagrees with the sentiment of the patient. In this context,
consider this sentence “{SENTENCE}” Does the author of this sentence think
that {TARGET} are non-conformist? Answer either YES or NO. No other
answer permitted.

Prompt 2 | Consider this sentence “{SENTENCE}” Does the author of this sentence have
a negative sentiment towards {TARGET}? Answer either YES or NO. No
other answer permitted.

Prompt 3 | An episodic aspect is an utterance that expresses information about a single
event. Non-episodic means habitual, routine or regularly occurring. Given
these definitions, is the following sentence episodic? “{SENTENCE}” Answer
either YES or NO. No other answer permitted.

Prompt 4 | Episodic means expressing information about a singular, distinctive or partic-
ular event. Non-episodic means expressing information about a reoccurring
event, about something resorted to on a regular basis, something of a com-
monplace character, typical, normal, or standard. Given these definitions, is
the following sentence episodic? “{SENTENCE}” Answer either YES or NO.
No other answer permitted.

Prompt 5 | Classify the following sentence as either “EPISODIC” or “NON-EPISODIC”:
“{SENTENCE}” No other answer permitted. Answer “EPISODIC” if the sen-
tence expresses information about a single event. Answer “NON-EPISODIC”
if the sentence expresses information about something habitual, routine, or
regularly occurring.

Prompt 6 | No other answer permitted. Answer “EPISODIC” if the sentence expresses
information about a singular, distinctive or particular event. Answer “NON-
EPISODIC” if the sentence expresses information about a reoccurring event,
about something resorted to on a regular basis, something of a commonplace
character, typical, normal, or standard.

Prompt 7 | A perpetrator is a person who commits an illegal, criminal, harmful or evil
act. Consider the following sentence: “{SENTENCE}” Does the author of
this sentence think that {TARGET} are perpetrators? Answer either YES or
NO. No other answer permitted.

Prompt 8 | A wrongdoer is a person who engages in unlawful, illicit, detrimental, or
malevolent actions. Consider the following sentence: “{SENTENCE}” Does
the author of this sentence think that {TARGET} are wrongdoers? Answer
either YES or NO. No other answer permitted.
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A.3. Implicit Hate Speech Detection with Rule-Based

Classifiers

Figure [14] illustrates the progress made with the rule-based classifier. Table [21] delivers
the values corresponding to the bars in Figure [14]

Table 21.: Implicit Hate Speech Detection with Rule-Based Classifiers

Classifier Model Zero-Shot F1 | Few-Shot F1
Rule-Based GPT-3.5 72.70 59.60
Baseline GPT-3.5 64.91 55.70
Rule-Based GPT-4 82.75 86.20
Baseline GPT-4 81.26 82.59
Linguistically Informed | Wiegand et al.| (2022, 5607) 77.70 77.70

A.4. Logistic Regression Models Across Various
Datasets and Prompting Approaches

The goal of the experiments described in Section was to determine if the features
extracted automatically by GPT-3.5 and GPT-4 were predictive of implicitly abusive
language. To this end, different logistic regression models were trained. Table [22| shows
the F1 scores for each model. The values presented here corresponds to the values used in

Figures [15] [16], [17], [18], and [19
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Table 22.: Logistic Regression Models Across Various Datasets and Prompting Approaches

Dataset Logistic Regression Trained on Zero-Shot F1 | Few-Shot F1 | Model | Figure

Identity Groups Ling. Feat. 72.08 62.47 | GPT-3.5 | Figure|l5
Identity Groups Completions DHSD 66.89 63.83 | GPT-3.5 | Figure 15}
Identity Groups Ling. Feat. + Completions DHSD 74.53 65.27 | GPT-3.5 | Figure 15|
Identity Groups Ling. Feat. + Completion “offensive” 74.51 57.89 | GPT-3.5 | Figure 15|
Identity Groups Baseline 64.91 55.70 | GPT-3.5 | Figure 15}
Identity Groups Ling. Feat. 81.20 85.78 | GPT-4 Figure [16
Identity Groups Completions DHSD 84.26 83.71 | GPT-4 Figure 16|
Identity Groups Ling. Feat. + Completions DHSD 85.33 86.76 | GPT-4 Figure iy
Identity Groups Ling. Feat. + Completion “offensive” 83.78 86.85 | GPT-4 Figure 16|
Identity Groups Baseline 81.26 82.59 | GPT-4 Figure 16|
Comparisons Ling. Feat. 68.41 GPT-3.5 | Figure|19
Comparisons Completions DHSD 65.65 GPT-3.5 | Figure 10}
Comparisons Ling. Feat. + Completions DHSD 69.52 GPT-3.5 | Figure 19|
Comparisons Ling. Feat. + Completion “offensive” 67.80 GPT-3.5 | Figure 10}
Comparisons Baseline 58.90 GPT-3.5 | Figure 10}
Comparisons Ling. Feat. 71.40 GPT-4 Figure [19
Comparisons Completions DHSD 75.95 GPT-4 Figure 9|
Comparisons Ling. Feat. + Completions DHSD 75.50 GPTH4 Figure 10}
Comparisons Ling. Feat. + Completion “offensive” 76.20 GPT-4 Figure 19|
Comparisons Baseline 75.93 GPT-4 Figure 10}
Euphemistic Abuse | Ling. Feat. 60.36 61.27 | GPT-3.5 | Figure |17
Euphemistic Abuse | Completions DHSD 61.69 58.45 | GPT-3.5 | Figure 17|
Euphemistic Abuse | Ling. Feat. + Completions DHSD 62.32 61.95 | GPT-3.5 | Figure 7]
Euphemistic Abuse | Ling. Feat. + Completion “offensive” 61.05 61.80 | GPT-3.5 | Figure 17}
Euphemistic Abuse | Baseline 59.76 55.37 | GPT-3.5 | Figure 17|
Euphemistic Abuse | Ling. Feat. 69.74 72.88 | GPT-4 Figure|18
Euphemistic Abuse | Completions DHSD 76.47 79.38 | GPT-4 Figure 13|
Euphemistic Abuse | Ling. Feat. + Completions DHSD 78.01 78.43 | GPT-4 Figure 13|
Euphemistic Abuse | Ling. Feat. + Completion “offensive” 74.45 74.47 | GPT-4 Figure 13|
Euphemistic Abuse | Baseline 76.16 76.38 | GPT-4 Figure g

A.5. Identity Groups, Fuphemaistic Abuse and
Comparisons: GPT-Driven Hate Speech
Detection

In order to assess how well the GPT models could identify implicit hate speech, zero-shot
and few-shot approaches were devised. Fach prompt followed the format:

markers = [“hateful”, “abusive”,

A4

other answer is permitted.

A

offensive”, “toxic”,

nsulting”|

Is this sentence MARKER? “SENTENCE” Answer either “YES” or “NO”.

No

In the few-shot approach the prompt was paired with ten examples, five examples
representing each class. Table 23| reports on the results.
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Table 23.: Datasets Identity Groups, Fuphemistic Abuse and Comparisons: GPT-Driven
Implicit Hate Speech Detection with Zero-Shot and Few-Shot Prompting

Macro-Average F1

Macro-Average F1

Dataset Model Marker | Zero-Shot Few-Shot

Identity Groups LLaMA-2 | Hateful 54.72

Identity Groups LLaMA-2 | Insulting 55.97

Identity Groups LLaMA-2 | Offensive 52.75

Identity Groups LLaMA-2 | Toxic 50.50

Identity Groups LLaMA-2 | Abusive 41.51

Euphemistic Abuse | LLaMA-2 | Hateful 34.56

Euphemistic Abuse | LLaMA-2 | Insulting 35.41

Euphemistic Abuse | LLaMA-2 | Offensive 34.91

Euphemistic Abuse | LLaMA-2 | Toxic 35.73

Euphemistic Abuse | LLaMA-2 | Abusive 33.78

Comparisons LLaMA-2 | Hateful 39.85

Comparisons LLaMA-2 | Insulting 43.52

Comparisons LLaMA-2 | Offensive 40.22

Comparisons LLaMA-2 | Toxic 38.74

Comparisons LLaMA-2 | Abusive 35.62

Identity Groups GPT-3.5 | Hateful 62.63 62.47
Identity Groups GPT-3.5 | Insulting 62.09 57.71
Identity Groups GPT-3.5 | Offensive 64.91 55.70
Identity Groups GPT-3.5 | Toxic 65.97 62.87
Identity Groups GPT-3.5 | Abusive 55.65 54.58
Comparisons GPT-3.5 | Hateful 59.39 66.71
Comparisons GPT-3.5 | Insulting 64.71 65.70
Comparisons GPT-3.5 | Offensive 58.90 64.95
Comparisons GPT-3.5 | Toxic 60.49 67.16
Comparisons GPT-3.5 | Abusive 57.12 68.96
Euphemistic Abuse | GPT-3.5 | Hateful 60.18 57.12
Euphemistic Abuse | GPT-3.5 | Insulting 60.27 57.34
Euphemistic Abuse | GPT-3.5 | Offensive 59.76 55.37
Euphemistic Abuse | GPT-3.5 | Toxic 57.45 58.86
Euphemistic Abuse | GPT-3.5 | Abusive 60.23 57.39
Identity Groups GPT-4 Hateful 84.58 84.05
Identity Groups GPT-4 Insulting 83.23 83.92
Identity Groups GPT-4 Offensive 81.26 82.59
Identity Groups GPT-4 Toxic 82.74 83.31
Identity Groups GPT-4 Abusive 79.53 83.34
Comparisons GPT-4 Hateful 69.09 71.07
Comparisons GPT-4 Insulting 71.74 69.30
Comparisons GPT-4 Offensive 75.93 70.63
Comparisons GPT-4 Toxic 74.76 71.24
Comparisons GPT-4 Abusive 71.55 72.31
Euphemistic Abuse | GPT-4 Hateful 70.33 76.77
Euphemistic Abuse | GPT-4 Insulting 76.57 75.47
Euphemistic Abuse | GPT-4 Offensive 76.16 76.38
Euphemistic Abuse | GPT-4 Toxic 75.37 77.30
Euphemistic Abuse | GPT-4 Abusive 72.59 79.28
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