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Chapter 1: Introduction

1.1 Background

Inflammatory hate speech has been found to incite mass killings, including genocide (Staub (2011);
Benesch (2007)). By instilling in individuals the perception that certain groups of human beings are
inferior and pose a mortal threat, influential figures can create an environment in which acts of atrocity
are deemed acceptable and even necessary as a means of collective self-defense (Benesch (2007)).
This form of speech has infamously preceded some of the most significant intergroup mass killings
in history, such as the Holocaust and the 1994 genocide in Rwanda (Benesch (2007); Herf (2006);
Des Forges (1999)). Regrettably, it continues to be prevalent in numerous countries that are at risk of
collective violence, including Ethiopia, Myanmar, India and others.

Inflammatory speech has been shown to have particular rhetorical characteristics, even across
different historical eras, languages, and cultures (Benesch (2007)). With the advancement of natural
language processing (NLP) technology in recent years, substantial research has been conducted on au-
tomatic textual hate speech identification (Jahan and Oussalah (2023)). Several well-known contests
(for example, May et al. (2019) and Schlechtweg et al. (2020), Ruppenhofer (2018)) have been or-
ganized in order to identify a better solution for automated hate speech identification (Zampieri et al.
(2019), Zampieri et al. (2020), Wiegand et al. (2018)). Researchers are experimenting with various
NLP and deep learning algorithms to detect and address hate speech, which has resulted in a major ex-
pansion of the field of hate speech analysis in recent years (Jahan and Oussalah (2023); Fortuna et al.
(2022); MacAvaney et al. (2019); Schmidt and Wiegand (2017)). This has also prompted the investi-
gation and comparison of various processing pipelines, such as feature set (eg., TF-IDF, Word2Vec),

Machine Learning (ML) methods (e.g., supervised, unsupervised, and semi-supervised), classifica-



tion algorithms (e.g., Naives Bayes, Logistic Regression (LR), Convolution Neural Network (CNN),
LSTM, BERT deep learning architectures, and others.

By drawing upon the research of other scholars on hate speech using NLP, I categorized the dis-
tinct dimensions of hate speech in the context of the Tigray war. I mostly focused on what Gordon
termed genocidal speech (Gordon (2017)). I generated a taxonomy based on his theories of the charac-
teristics of incitement to genocide. Using this generated taxonomy, I experimented with NLP models

and generated a multiclass classification model.

1.2 Aims and Objectives

The primary aim of this research is to operationalize Gregory S. Gordon’s atrocity-speech law typology
in a computational framework. I aim to build a machine-learning classifier that can detect and catego-
rize speech according to the legally significant incitement techniques he defined (Gordon (2017)). The
specific objectives are to first develop a detailed annotation schema grounded in Gordon’s taxonomy
(e.g., direct calls for destruction, verminization, accusation in a mirror, justification during violence,
victim-sympathizer conflation, etc.) Then, I aimed to collect and annotate a corpus of speeches (partic-
ularly tweets during the war in Tigray), propaganda, social media posts, and political discourse relevant
to atrocity risk. Next, I aimed to train and evaluate a multi-label machine-learning classification model
that can identify these different techniques in text. And finally, I sought to test the psychological rele-
vance of the model by conducting human experiments, where participants react to text of tweets labeled

with different incitement types.



1.3 Research Questions

To guide this research, I proposed the following research questions (RQs):

* RQI: Can a multi-class ML classifier (built via theoretical lens) accurately distinguish between

incitement techniques in text, and how will it perform (precision, recall, F1, etc)?

* RQ2: How do human participants psychologically respond to text labeled by the model as dif-

ferent types of atrocity speech? Do different hate speech types evoke different reactions?

1.4 Significance of the Proposed Study

A genocide determination is still pending in Ethiopia, where there has been a civil conflict centered
in the Tigray region (B. Harris (2021)). Tigray’s 6-7 million residents were effectively silenced from
speaking out due to a two-year Internet outage. This has made it easier for the Ethiopian government
and its allies to control narratives, foment hateful discourses and shape perceptions (B. Harris (2021);
Zelalem (2022); Tackett (2023)). The Tigray war has had terrible repercussions such as famine, large
scale sexual violence etc (Keaten (2023); Center (2023)) and the role of hate speech in exacerbating
the conflict remains unstudied (Anna (2022); Muhumuza (2022); United Nations (2022)).

As of 2024 - 2025, the humanitarian consequences of the Tigray conflict remain catastrophic.
The war (2020-2022) is estimated to have killed up to 600,000 people and displaced nearly 3 million,
and its aftermath has been marked by famine-like conditions, mass displacement, and widespread sex-
ual violence (Refugees International (2024)). Human Rights Watch’s 2024 World Report found that,
even after the Pretoria peace agreement, serious rights violations against civilians continued in Tigray

throughout 2023, including ongoing killings, sexual violence, and the ethnic cleansing of Tigrayans in



western zones under occupying forces (Human Rights Watch (2024)).

Using the Tigray war as a case study, I sought to develop an empirical framework and method-
ology for developing psychosocial features set to aid in the machine classification of hate speech laden
on Twitter and other social media. The number of studies on hate speech has increased in recent years,
particularly those that use text mining and NLP to automatically detect hate speech (Waseem and Hovy
(2016); Z. Zhang and Luo (2019); Silva et al. (2016)). However, there are not many publications that
discuss how to spot hate speech in code-switched conversations and under-resourced languages (Ja-
han and Oussalah (2023)). This study contributes to bridging this gap by carrying out this study on
code-switched language.

To do so, I took a holistic look at hate speech during conflicts and used theories such as Danger-
ous Speech Theory by Susan Benesch (Leader Maynard and Benesch (2016)), Moral Disengagment
Theory by Bandura (Bandura (2016)), and Incitement to Genocide Framework by Gordon (Gordon
(2017)). These frameworks helped in identifying linguistic analogs for these components and can be
used with several computational techniques to measure these linguistic correlates that contribute to
dehumanization.

The findings of the study can also enable large-scale studies of dehumanizing language against
marginalized social groups. Therefore, it has implications for improving machines’ abilities to automat-
ically detect hate speech and abusive language online, which are typically underpinned by dehumaniz-
ing language. In sum, this paper bridges the gaps between computational modeling, psycholinguistics,

and dehumanization research with implications for several disciplines.



1.5 Expected Contributions

I aimed to convert complex theories into empirical, testable categories by operationalizing Gordon’s
atrocity-speech law taxonomy and other related theories. This aids in bridging the knowledge gap
between data and theory.

Additionally, by offering structured stimuli for experiments on the effects of various forms of
inciting speech on human cognition, emotion, and moral judgment, the project can help us better un-
derstand how people perceive fear and threat.

Moreover, the classifier can make it possible to conduct extensive, quantitative analyses of rthetor-
ical devices (such as dehumanization, justification, and metaphor) over time, across media, and in
various cultural contexts.

It can also aid in the detection of hate speech and violent speech beyond binary models to fine-
grained, legally-informed classification using contemporary NLP techniques.

The research can also direct and be incorporated into early warning systems to detect potentially

harmful content.



Chapter 2: Literature Review

The purpose of this chapter is to provide a comprehensive review of theoretical, psychological, and
computational literature relevant to the study of hate speech, genocidal rhetoric, dehumanization, and
NLP approaches to automated detection. The chapter integrates scholarship from genocide studies,

social psychology, linguistics, and ML to establish a multidisciplinary foundation for the study.

2.1 Definitions of Dehumanization and Related Concepts

Hate speech generally refers to expressions that denigrate, threaten, or incite hostility toward individu-
als or groups based on characteristics such as ethnicity, religion, nationality, or other identity markers
(A. Brown (2017)). However, it is misleading to treat hate speech as a single, homogeneous phe-
nomenon. Instead, it exists on a continuum, with relatively mild forms of discriminatory expression at
one end and more extreme rhetoric at the other which is capable of driving collective atrocity (Gagliar-
done et al. (2015)).

At the most severe end of this lies genocidal speech. Genocidal speech encompasses forms of
expression that explicitly incite, justify, or otherwise enable mass atrocities (Gordon (2017); Benesch
(2012)). Although most instances of hate speech do not escalate into genocide, historical work makes it
difficult to ignore how rarely genocidal violence occurs without a preceding period of sustained, hate-
driven rhetoric (Chirot and McCauley (2006); Fein (1993); Stanton (1996)). This recurring pattern
points to a close relationship among hate speech, dehumanization, and genocidal incitement, which,
while conceptually distinct, operate in overlapping and mutually reinforcing ways (Haslam (2006);
Bandura (1999); United States Holocaust Memorial Museum (2023)).

In research on hate speech and genocidal hate speech, dehumanization has repeatedly emerged as
a particularly corrosive psychological process, especially in work that traces how hostile rhetoric trans-

6



lates into intergroup bias, discrimination, and, in extreme cases, violence (Mendelsohn et al. (2020)).
Dehumanization refers to the perception that individuals or groups lack essential qualities of human-
ness, including both human nature and uniquely human attributes (Haslam (2006)), a conceptualization
that has been especially influential in explaining how moral boundaries erode in contexts of sustained
hostility. In practice, this denial of humanness can take several recognizable forms. Targeted groups
may be portrayed as objects through what Haslam (2006) describes as mechanistic dehumanization,
or as animals through animalistic dehumanization. In other instances, dehumanization operates more
subtly, for example through the denial of secondary emotions, a process often referred to as infrahu-
manization.

Dehumanization is not always communicated overtly. It may function implicitly, such as when
the emotional experiences of an outgroup are systematically disregarded, or explicitly through metaphor-
ical language that frames targets in nonhuman terms. Xenophobic discourse provides a clear illustra-
tion of this process, particularly when immigrants are characterized as objects, invaders, or parasites,
metaphors that strip targeted groups of moral standing while appearing rhetorically ordinary. Impor-
tantly, dehumanization plays a central role in making hate speech more actionable. By framing tar-
geted groups as animals, diseases, or inanimate objects, dehumanizing rhetoric lowers psychological
barriers to violence and facilitates moral disengagement (Haslam (2006)). As Gordon (2017) and Be-
nesch (2021) observe, metaphors invoking vermin, cancer, or demonic figures recur in pre-genocidal
discourse not merely as rhetorical excesses, but as cognitive tools that help normalize and justify ex-
terminatory violence. For this reason, contemporary atrocity-prevention frameworks increasingly treat
dehumanization as one of the most salient linguistic warning signs of impending mass violence (Straus
(2001); United States Holocaust Memorial Museum (2023)).

In this study, I draw on Gordon (2017) theorization of genocidal speech, which refers to forms

7



of communication that provoke, instigate, abet, or explicitly order genocidal violence. These forms
of speech vary in terms of speaker intent, rhetorical strategy, and their causal role in facilitating mass
atrocity. Unlike broader forms of hate speech, which may remain at the level of insult or discrimina-
tion, genocidal speech is specifically concerned with language that helps bring about or legitimize the
destruction of a targeted group. Within Gordon’s framework, rhetorical strategies such as accusation in
a mirror, pathologization, and explicit calls for destruction are not simply expressions of hostility. In-
stead, they help shape the discursive conditions under which genocide becomes imaginable, defensible,
and ultimately actionable (Gordon (2017)).

This perspective aligns closely with work on dangerous speech, particularly Benesch’s argument
that certain forms of rhetoric become especially consequential when they portray a target group as
an existential threat and frame violence as defensive or necessary (Benesch (2012), Benesch (2021)).
Similar arguments appear across genocide studies and international law, where scholars have long
emphasized that language plays an active role in preparing populations for mass violence, both psy-
chologically and politically (Straus (2003); Tsesis (2002); Schabas (2000)). Dehumanizing metaphors,
vilification, and claims of group disloyalty do more than exclude targeted populations from moral
concern. They lower moral restraints and help legitimize extreme violence by reshaping who is seen
as worthy of protection (Bandura (1999); Kelman (1973); Oberschall (2000)). From this standpoint,
genocidal speech is defined less by the expression of hatred alone and more by its capacity to mobilize.
It actively constructs the targeted group as an object whose elimination can come to appear justified or
even necessary (Alvarez (2001); Leader Maynard (2014)).

My study focuses specifically on genocidal hate speech, understood as a form of rhetoric that
combines the core features of hate with the escalatory and legitimizing dynamics associated with geno-

cide (Gordon (2017)). Much of the existing research on hate speech detection has relied on binary
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distinctions between hate and non-hate content. In contrast, recent work, including the present study,
moves beyond this dichotomy by adopting multiclass classification approaches that differentiate among
distinct forms of genocidal rhetoric, such as dehumanization, betrayal narratives, and economic scape-
goating. Disaggregating these forms allows for the capture of meaningful variations in how genocidal
discourse operates, while also improving analytical precision and detection performance (Aluru et al.
(2021); Fortuna et al. (2022)). By treating genocidal hate speech as a set of interacting discursive
strategies rather than a single category, this study aims to provide a more nuanced account of how hate
escalates into violence.

My research has direct implications for improving automated systems designed to detect hate
speech and abusive language online, where dehumanizing rhetoric is frequently present. Beyond de-
tection, it also contributes to a broader understanding of how language reflects and reinforces social
and political ideologies. Examining how marginalized groups are dehumanized offers insight into how
moral boundaries are constructed and maintained within contentious sociopolitical environments.

In this study, I treat the detection of dehumanizing hate speech as a particularly challenging task
in online environments, especially in the aftermath of triggering events such as war or political vi-
olence. During these periods, language data are generated rapidly, at large scale, and across a wide
range of platforms. As a result the data tend to be noisy, repetitive, incomplete, and shaped by the
broader constraints associated with big data. Addressing these challenges requires an interdisciplinary
approach. In this study, I integrate methods from computer science, linguistics, and psychology to
examine how dehumanization unfolds in real-world contexts, including active conflict settings (Pen-
nebaker et al. (2003)). Psychological theory plays a particularly important role in this integration, as
it provides a foundation for developing more interpretable and explainable ML systems, an ongoing
challenge in many Al-based approaches to hate speech detection (Taylor and Taylor (2021)).

9



I also rely on insights from linguistics to understand how language contributes to the formation
and transmission of stereotypes. Stereotypical beliefs are often reproduced through everyday linguis-
tic choices, including labeling practices and patterns of description (Beukeboom and Burgers (2019),
Burgers and Beukeboom (2020); Sutton and Douglas (2008)). Language functions as a primary mech-
anism through which social categories are learned and through which certain groups become marked
as targets of bias (Caliskan et al. (2017); Pennebaker et al. (2003)). These processes frequently operate
in subtle ways, shaping perceptions and evaluations even when they are not explicitly recognized. For
example, the Social Categories and Stereotype Communication framework developed by Beukeboom
and Burgers (2019) shows how systematic biases in language use shape perceptions of category enti-
tativity, stereotype content, and essentialism. Examining frameworks of this kind allows me to better
understand how dehumanization emerges and is sustained through everyday discourse.

At present, no single theory captures all dimensions of hate speech. As a result, this study draws
on insights from psychology, linguistics, and genocide studies to develop a more comprehensive ac-
count of dehumanization in real-world contexts, particularly within social media discourse. Taken
together, these perspectives offer complementary theoretical and methodological tools for studying

how dehumanization functions at scale.

2.1.1 Theoretical Models and Frameworks

Although genocidal hate speech and more conventional forms of hate speech share surface similarities,
particularly in their use of derogatory language and discriminatory attitudes toward targeted groups, the
differences between them are substantial. These differences concern intent, severity, and, most impor-

tantly, consequence. Under international law, direct and public incitement to genocide is treated as one
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of the most serious forms of hate speech and is explicitly criminalized (United Nations (1948).; United
States Holocaust Memorial Museum (2019)). This legal distinction reflects a broader recognition that
genocidal hate speech does more than communicate hostility. It works to dehumanize a targeted group
and to cultivate a permissive environment in which genocide becomes imaginable and defensible, set-
ting it apart from hate propaganda that may remain rhetorically extreme without explicitly ordering
violence (Fyfe (2017); Timmermann (2005)).

At the core of this distinction is intent. Genocidal speech carries the specific intent, or mens rea,
to destroy a protected group in whole or in part. This element of intent is central to the definition of
genocide under the Genocide Convention and international criminal jurisprudence, and it marks a clear
boundary between genocidal hate speech and other forms of hateful expression (Gordon (2017); Fyfe
(2017)).

Conventional hate speech can, and often does, contribute to discrimination, harassment, and
occasional acts of violence (Allport (1954); Perry (2001)). While these harms are real and should not
be minimized, conventional hate speech usually stops short of calling for the systematic destruction
of an entire group. That distinction matters. Genocidal rhetoric is defined precisely by its orientation
toward elimination rather than exclusion (Gordon (2017)).

The legal and moral consequences attached to genocidal hate speech follow directly from this
difference. As mentioned, advocating for genocide, or inciting violence against protected groups, con-
stitute crimes under international law and are subject to international prosecution under the Genocide
Convention (United Nations (1948); United States Holocaust Memorial Museum (2019)). While con-
ventional hate speech may also be punishable under certain national legal frameworks, genocidal hate
speech occupies a separate category because of its direct relationship to mass atrocity and its capacity
to mobilize large-scale violence (Fyfe (2017); Timmermann (2005)).
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Genocidal hate speech is also rarely produced in a vacuum. It tends to emerge in specific histori-
cal and sociopolitical contexts shaped by ethnic, religious, or political tension (Straus (2003)). Speakers
often draw on long-standing grievances, familiar stereotypes, and narratives of victimhood to make vi-
olence appear justified or even necessary (Bandura (1999); Kelman (1973)). Conventional hate speech
is likewise shaped by social and historical forces, but it is not inherently tied to genocidal ideologies
or to aspirations of collective destruction (Benesch (2012)).

Taken together, these distinctions help explain why genocidal hate speech must be treated as
analytically and practically distinct from more general forms of hate speech. Its defining feature is
not only the intensity of hostility it expresses, but its ability to legitimize destruction and to set the
conditions for mass violence (Alvarez (2001); Leader Maynard, 2014).

To conceptualize, categorize and eventually operationalize genocidal hate speech and the many
types subsumed with in it, I turned to exploring theories and frameworks. However, as stated above
there is no one theory that can capture the hate speech and dehumanization that occur in times of
genocidal war single-handedly. As such my framework draws from numerous psychological, linguistic

and genocide studies theories.

2.1.2 Atrocity Speech Law Framework

The major theoretical framework I drew from is Gregory Gordon’s incitement to genocide speech
(Gordon (2017)). However, other theories also share similar categories that are included with the
theory and I have delineated those similarities and areas of convergence.

In Atrocity Speech Law: Foundation, Fragmentation, Fruition, Gregory S. Gordon offers a sys-

tematic account of how international law conceptualizes speech that contributes to mass violence.
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Rather than relying on the vague and often inconsistent notion of “international hate speech law,”
Gordon proposes the broader framework of atrocity speech law. He uses this term to capture the set of
legal rules governing speech connected to genocide, crimes against humanity, and war crimes (Gordon
(2017)). I'rely on this framework because it treats speech not simply as expression, but as a mechanism
that can actively shape the conditions under which mass violence becomes possible.

A central component of Gordon’s argument is that atrocity speech law must account for multiple
forms of illicit speech, each associated with different mental states and causal relationships to violence.
He identifies four distinct modalities. Incitement refers to speech that seeks to provoke genocide or
mass violence, even if it does not ultimately succeed. Speech abetting, a category Gordon develops
more fully than prior legal scholarship, captures rhetoric that encourages or reinforces atrocities while
they are already underway, even when the speaker may not directly intend to cause them. Instigation
occupies a more direct causal role. In this case, the speech not only aims at atrocity but also contributes
to its occurrence, creating a clearer link between words and violence (Gordon (2017)). Ordering, the
final modality, involves speech issued within a superior—subordinate relationship, such as a comman-
der directing subordinates to commit atrocities, and may incorporate elements of both incitement and
instigation (Gordon (2017)).

Gordon’s work is particularly valuable for understanding how genocidal rhetoric operates in the
lead-up to, and during, episodes of mass violence. By carefully distinguishing among different forms
of incitement and related speech acts, he shows how perpetrators use language to normalize hatred,
dehumanize targeted groups, and justify extreme violence. While most computational research on
hate speech does not explicitly draw on Gordon’s theory, recent work in NLP has begun to engage
more directly with legal definitions of harmful speech. For example, Zufall et al. (2022) operationalize
elements of the European Union’s legal framework on criminal hate speech as an NLP task. They
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demonstrated that aspects of legal reasoning can be translated into ML pipelines. At the same time,
they emphasize the difficulty of mapping complex legal standards onto text in a way that remains both
accurate and transparent (Zufall et al. (2022).

Similarly, my paper examines the different types of incitement to genocide speech identified by
Benesch, Gordon and others, thus offering a comprehensive understanding of the phenomenon and its
implications for genocide prevention efforts. Gordon outlines several types of incitement to genocide,

which are discussed in more detail below.

2.1.2.1 Typology of Incitement Techniques

One type of incitement to genocide is accusation in a mirror. This occurs when a group makes accu-
sations against another group, claiming that they are responsible for certain atrocities, and then uses
these accusations as justification for their own acts of violence. An example of this can be seen in the
Rwandan genocide, where Hutu extremists accused Tutsis of planning to exterminate the Hutu popula-
tion. These accusations were then used to justify the killing of Tutsis by Hutu extremists. Benesch also
identifies this technique as a hallmark of dangerous speech: she defines it as when speakers claim the
target group poses an existential threat, thereby morally licensing violence as defensive action (Benesch
(2021)). This is also related to a classifications in Albert Bandura’s theory of moral disengagement of
‘victimization’ which involves viewing oneself as the victim in a situation, even when one is clearly
the aggressor (Bandura (1999).

Another form of instigation to genocide is dehumanization. When a group is displayed as inferior,
subhuman, or unworthy of fundamental human rights, dehumanization is taking place. Dehumanizing

a group makes it simpler for others to defend violent crimes against them. Nazi Germany is a prime
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example of this, as Jews were depicted as vermin or rats that had to be eradicated. Gordon categorizes
dehumanization, including verminization, demonization, and pathologization, as forms of incitement
to genocide. Benesch’s framework similarly identifies dehumanization as one of the key “hallmarks™
of dangerous speech: she notes that referring to a target as “animals, pests, or insects” makes violence
psychologically easier to accept (Benesch (2021)). Albert Bandura’s theory of moral disengagement
also has this same classification. Dehumanization is delineated as the first mechanism of moral disen-
gagement. Dehumanizing someone means that we deny the person a number of basic human qualities
and we treat the person as if he or she is less than human. In this way, we are able to use dehumaniza-
tion to rationalize doing some type of harm to the person. For instance, during times of war, soldiers
often dehumanize their enemy in order to make killing or harming the enemy easier. Soldiers do so
when they refer to their enemy using derogatory terms such as “rat”, “cockroach”, and so on.

Direct advocacy is a third type of incitement to genocide. This occurs when individuals or groups
explicitly call for the extermination of another group. An example of this can be seen in the speeches
made by leaders of the Khmer Rouge in Cambodia, who called for the elimination of all individuals
associated with the former government. A related classification is what he termed “Predictions”, which
includes forecasting the elimination of the population. These predictions, exemplified by Ananie Nku-
runziza’s statement on RTLM, contributed to the dehumanization and targeted violence against Tutsis
for example (Gordon (2017)).

Another type of incitement to genocide is glorification of past violence. This occurs when in-
dividuals or groups celebrate acts of violence against another group, often portraying the perpetrators
as heroes or martyrs. It normalizes violence, erases moral ambiguity, and signals that similar acts are
worthy of admiration rather than condemnation. Examples from the Rwandan genocide underscore

the role of propaganda in lionizing perpetrators and normalizing genocidal acts. This can lead to an
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increase in violence against the targeted group, as others are encouraged to engage in similar acts. An
example of this can be seen in the glorification of Serbian paramilitary groups during the Bosnian War
(Gordon (2017)).

Another form of incitement to genocide is the use of coded language. This occurs when in-
dividuals or groups use language that appears harmless on the surface, but which actually contains
hidden messages that encourage violence against another group. An example of this can be seen in the
Hutu Power movement in Rwanda, which used phrases like “cleansing” and “final solution” to refer
to the extermination of the Tutsi population. Albert Bandura has a similar classification he termed
as Euphemistic Language. It is the seventh mechanism of moral disengagement and involves using
language to sanitize immoral actions and strip them of their moral implications. For example, a person
may say they “terminated” an employee instead of saying they fired them. This allows them to avoid
acknowledging the immorality of their actions and justify them as necessary for business or personal
reasons. Other examples include words such as “cleanse”, “clean the house”, “remove parasites” etc.

The denial of past atrocities can also be a form of incitement to genocide. This occurs when
individuals or groups deny that past atrocities have taken place, often in an attempt to justify or down-
play ongoing violence against the targeted group. An example of this can be seen in the denial of the
Armenian Genocide by the Turkish government (Gordon (2017)).

The justification of ongoing atrocities as necessary or humane represents another form of in-
citement to genocide. Nazi propagandists’ attempts to portray mass murder as a defensive measure
exemplify how perpetrators distort morality to justify their crimes against humanity. This classifica-
tion is also present in Albert Bandura’s theory which is termed social and moral justification. It involves
justifying harmful actions as necessary for the greater good. For example, an army may justify exter-

minating a group because it is necessary for the “well being of the nation. This allows them to ignore
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the harm they are causing to justify their actions as necessary for the greater good.

Another classification is Target Sympathizer Conflation where members of the majority group
who help or sympathize with the targeted group are also persecuted. For example, during the Holo-
caust, non-Jews who hid Jews or simply opposed the genocide were murdered. In Rwanda, Hutus who

opposed the genocide were labeled “traitors” and murdered.

2.1.2.2 Additional Categories and their Rationale

Existing “incitement to genocide” frameworks, particularly those outlined above (Gordon (2017)),
provide a robust foundation by identifying rhetorical strategies such as dehumanization (for exam-
ple, verminization, pathologization, and demonization), metaphors or euphemisms, conditional calls
for destruction, and “accusation in a mirror.” However, given the sociopolitical and economic dy-
namics specific to the Tigray war, I judged that these categories might not fully capture all relevant
hate speech strategies. Therefore, I have introduced two additional labels: Disloyalty and Economic
Anti-Tigrayanism to extend the taxonomy’s conceptual reach.

The aforementioned literature on genocide propaganda covers many of the hallmark rhetorical
elements common to mass violence, but it also suggests how new categories can emerge in specific so-
ciopolitical contexts. Among these are economic scapegoating and framing a group as disloyal which,
while overlapping with established dangerous speech frameworks, merit distinct analytical attention
and categorization due to their historical resonance and frequency of use during the exploration of the
dataset I worked with.

Economic resentment is a classic tool of scapegoating whereby a dominant group attributes na-

tional or economic decline to a marginalized minority. This strategy often occurs during periods of
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political instability or economic collapse as explanations of hardships (Allport (1954); Staub (1989)).
In the Ethiopian context, this pattern has been visible in anti-Tigrayan discourse, particularly in online
and political rhetoric. Tigrayans have frequently been described as corrupt elites, illicit profiteers, or as
draining national resources. These portrayals do more than express resentment: they frame the group
as economically parasitic and morally suspect, positioning them as a threat to the broader public good.

Similar narratives have appeared repeatedly in other historical settings. In early twentieth-century
Europe, antisemitic propaganda cast Jews as controlling financial systems, exploiting national economies,
and engineering crises for personal gain, despite a lack of empirical evidence to support such claims
(Herf (2006); Fine (2009)). In both cases, economic frustration was transformed into ethnic hostility
through the repetition of long-standing stereotypes (Gordon (2017); Fisseha (2023)).

This mode of scapegoating aligns closely with Gordon’s notion of “abetted” genocidal speech
(Gordon (2017)), whereby speakers may not directly call for extermination but construct a climate in
which violence becomes acceptable or even desirable. By framing the targeted group as the cause
of collective suffering, economic scapegoating not only directs public frustration away from systemic
issues but also legitimizes punitive responses such as mass displacement, property seizure, or physical
extermination, which are all justified as necessary economic “corrections”.

Similar acts took place during the war in Tigray. Many Tigrayans were forcibly removed from
their homes throughout the conflict, with particularly severe patterns noted in Western Tigray. Human
rights organizations and media have referred to the mass expulsion efforts carried out by local author-
ities and affiliated militias in that area as ethnic cleansing (Human Rights Watch (2022); Paravicini
et al. (2021)).

Economic damage was also caused due to a siege enacted for long periods of time, severely lim-

iting access to necessities like food, medicine and fuel (Ibrahim and Weis (2025)). Combined with
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widespread infrastructure destruction and the looting of agricultural and commercial assets, the block-
ade contributed to the collapse of local economies, widespread hunger, and a humanitarian crisis af-
fecting millions (Igoe (2021); UN World Food Programme (2022); World Health Organization (2023)).

Closely related to Economic Anti-Tigrayanism, is the theme of disloyalty which is depicting the
targeted group as a “fifth column” that undermines the nation from within. This narrative is rooted
in the belief that some ethnic or religious groups harbor secret allegiances that conflict with national
interests (Benesch (2012)). In genocide propaganda, accusations of betrayal often precede or accom-
pany violence. In Ethiopia, Tigrayans were frequently described in political discourse as traitors, spies,
or collaborators with foreign forces. Large media outlets circulated narratives portraying Tigrayans as
agents of destabilization, accusing them of disloyalty and various forms of subversion long before
widespread violence broke out (van Reisen and Mawere (2024); Teklu (2022); OHCHR and EHRC
(2021)). These portrayals not only foster paranoia but serve to preemptively justify repression. This
type of speech positions the violence not as aggression but as necessary self-defense and it aligns di-
rectly with Bandura (1999)’s theory of moral disengagement, which highlights how in-group members
come to justify violence by construing it as morally righteous and necessary for survival when the
target is cast as a dangerous “other.”

Moreover, Benesch and Maynard emphasize that dangerous speech often promotes fear. For
example, asserting that an out-group plots an imminent attack (Benesch (2012); Leader Maynard and
Benesch (2016)), making violence seem defensive. Meanwhile, the pattern of “questioning in-group
loyalty” is well documented such that, in genocidal campaigns, victims are deemed dangerous and
untrustworthy for the nation. These additional labels, economic scapegoating and loyalty betrayal,
were chosen because they recur prominently in the discourse and map onto theorized mechanisms
of group aggression. They also reflect what Staub (1989) identifies as key precursors to genocide:

19



difficult life conditions, culturally available ideologies that permit blame, and political leadership that
exploits these grievances. Including “Disloyalty” and “Economic Anti-Tigrayanism” thus increases
the ecological validity and sensitivity of my taxonomy, allowing detection of pre-violence, escalatory
discourse that may function as early warning signals for mass atrocity risk.

Importantly, these categories are not novel inventions. The consistency with which economic
resentment and loyalty framing appear across genocidal contexts, whether in Rwanda, Nazi Germany,
or contemporary Ethiopia underscores their relevance as indicators of dangerous speech. Recognizing
these patterns allows for more precise classification of genocidal rhetoric.

At the same time, I treat these labels as risk indicators rather than definitive calls for violence.
Because they rely on more ambiguous or coded rhetoric rather than explicit “kill” commands, they
reflect threat framing, delegitimization, and scapegoating. The complete list on the types of incitement

to genocide classification and examples can be found in Appendix C.

2.1.3 Albert Bandura’s Moral Disengagement Theory

Albert Bandura, a social cognitive psychologist, proposed the Moral Disengagement Theory as a means
of explaining how people are able to justify morally reprehensible actions to themselves (Bandura
(1999)). According to Bandura, people who engage in immoral actions often have to overcome psy-
chological barriers in order to justify their behavior. The Moral Disengagement Theory describes the
cognitive processes that individuals go through in order to disengage from moral standards and justify
their actions.

The theory posits that there are eight mechanisms through which people can morally disengage.

These mechanisms include dehumanization, social and moral justification, victimization, attributing
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blame, displacing responsibility, minimizing or disregarding injurious effects, euphemistic language,
and advantageous comparison. Each of these mechanisms serves as a psychological barrier to moral
action and helps individuals to justify their immoral behavior.

Dehumanization is the first mechanism of moral disengagement. When we dehumanize someone,
we strip them of their inherent human qualities and treat them as less than human. This allows us to
justify harmful actions against them. For example, during war, soldiers may dehumanize their enemies
by calling them “rats” or “cockroaches”. This makes it easier for them to kill or harm their enemies
because they no longer see them as fellow human beings deserving of respect and dignity.

Social and moral justification is the second mechanism of moral disengagement. This involves
justifying harmful actions as necessary for the greater good. For example, a company may justify
polluting the environment because it is necessary for economic growth. This allows them to ignore the
harm they are causing to the environment and justify their actions as necessary for the greater good
(Bandura (1999)).

Victimization is the third mechanism of moral disengagement. This involves viewing oneself
as the victim in a situation, even when one is clearly the aggressor. For example, a bully may view
themselves as the victim of bullying and justify their actions as necessary for self-defense. This allows
them to avoid taking responsibility for their actions and justify their behavior as necessary for their
own survival (Bandura (1999)).

Attributing blame is the fourth mechanism of moral disengagement. This involves blaming others
for one’s own immoral behavior. For example, a person may blame their abusive behavior on their
partner’s provocation. This allows them to avoid taking responsibility for their actions and justify their
behavior as a response to someone else’s actions.

Displacing responsibility is the fifth mechanism of moral disengagement. This involves shifting
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responsibility for one’s immoral behavior onto someone or something else. For example, a person may
blame their addiction for their immoral behavior. This allows them to avoid taking responsibility for
their actions and justify their behavior as a consequence of something beyond their control.
Minimizing or disregarding injurious effects is the sixth mechanism of moral disengagement.
This occurs when individuals acknowledge that harm exists but downplay its seriousness. Damage is
framed as small, unavoidable, or exaggerated. In practice, this allows people to avoid taking responsi-
bility for the outcomes of their behavior. For example, organizations may admit that their actions cause
harm, but characterize those effects as minimal or necessary in order to justify continuing as before.
Another mechanism operates through euphemistic language. In these cases, morally troubling
actions are described using neutral or sanitized terms that remove their emotional and ethical weight.
This linguistic distancing makes it easier to discuss harmful actions without fully confronting their
moral implications, thereby reducing feelings of guilt or accountability (Bandura (1999)).
Advantageous comparison represents a further way moral standards are weakened. Rather than
denying wrongdoing, individuals compare their behavior to actions they perceive as worse (“whataboutism”).
A person may admit to cheating, for instance, but justify it by arguing that others cheated more often
or more seriously. Through this comparison, the original behavior appears less troubling, and self-
condemnation is reduced. The action remains unethical, but it no longer feels worthy of moral concern.
In conclusion, the moral disengagement theory provides a valuable framework for understanding
how individuals can justify immoral behavior and disengage from their moral principles. By recog-
nizing these mechanisms, individuals can become more aware of their own thought patterns and make
more ethical decisions. The theory also highlights the importance of promoting a moral community that
supports ethical behavior and encourages individuals to engage with their moral principles. Through
education and awareness-raising we can create a more ethical society and prevent harmful behavior.
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Utilizing Bandura’s theory, a study titled “Toward Transformer-Based NLP for Extracting Psy-
chosocial Indicators of Moral Disengagement” (Friedman et al. (2021)) presents a new approach to
identify and extract indicators of moral disengagement in text using transformer-based NLP tech-
niques. The article proposes a transformer-based NLP architecture that extracts psychosocial indicators
of moral disengagement, such as dehumanization, euphemistic labeling, and displacement of respon-
sibility, from text data. The proposed architecture proved capable of jointly identifying and extracting
variables or factors described in language, qualitative causal relationships over these variables, and
qualifiers and magnitudes that constrain these causal relationships. The approach involves the use of
a novel knowledge graph schema and dataset that capture indicators of moral disengagement in text.
The transformer-based NLP model is trained on this dataset to extract relevant psychosocial indicators
of moral disengagement.

This study is highly relevant to my work as it provides some theoretical reinforcement and also
methodological support for identifying hate-related psychological mechanisms in language. Friedman
et al. (2021) operationalize Albert Bandura’s theory of moral disengagement. These same mechanisms
underlie many of the rhetorical strategies captured in my hate speech taxonomy for the Tigray conflict,
such as dehumanization (e.g., verminization, pathologization), justification of violence, and coded eu-
phemisms which are categories from Gordon (2017)’s theory that I aimed to operationalize. The signif-
icance of their work lies in demonstrating that psychological constructs of harm and incitement which
are often discussed abstractly can be systematically extracted and modeled from naturalistic text data

using transformers.
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2.1.4 Dangerous Speech Theory

Benesch’s paradigm of Dangerous speech framework has five constructs that influence the dangerous-
ness of communication (Benesch (2021)). These factors include the speaker’s power over the audience,
the audience’s receptiveness, the meaning of the speech such as a call to violence, the enabling social
and historical backdrop, and the persuasive medium of dissemination.

Furthermore, the framework employs three indicators to identify dangerous speech: dehumaniza-
tion of the target group through the use of an animal name or dog-whistling, implying that the in-group
faces a grave threat from the out-group, and implying that elements of the out-group are tainting the
in-group’s purity or integrity (Benesch (2021)). These classifications have similarity with the theories

of Bandura and Gordon. Table 2.1 illustrates this.

2.2 NLP Studies on Dehumanization

In a recent study, Saffari et al. (2025) take on a problem that has received surprisingly little focused
attention in natural language processing research: the detection of dehumanizing language. Much of
the existing work on hate speech detection has concentrated on more overt expressions of hostility,
such as insults, slurs, or explicit threats. Dehumanization, while more subtle, is dangerous because it
involves denying humanity to individuals or groups, a form of rhetoric that has been deeply implicated
in historical and contemporary violence (Saffari et al. (2025)).

The authors conducted a systematic evaluation of four state-of-the-art large language models
(LLMs): Claude, GPT, Mistral, and Qwen. They assessed how well each model can detect dehuman-
ization in text. The experiments reveal a stark disparity in performance: only one model (Claude),
under an optimized configuration, attains an F1 score exceeding 80%. The other models do worse,
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Gordon’s Classifi-
cation

Similarity  with

other theories

Definition

Examples

Verminization Dehumanization Classifies the target as some- “TPLF is shell. Inside the shell
(Albert Bandura) thing “whose extermination live worms; Agame are lice-
would be considered normal and infested snakes.”
desirable” (cockroaches, lice,
rat, pest)
Pathologization Dehumanization Expropriates  pseudo-medical “Filthy Agame. Clean our house
Impurity  (Susan terminology/disease to justify of Agame.”
Bench) massacre
Demonization Dehumanization Centering on devils, malefac- “Winning this war is winning
(Albert Bandura) tors, and other incarnations of against satan.”
LCeVil”
Direct Advocacy - Direct calls for destruction. Use ”Press forward until Tigrayans

words like loot, discriminate,
put in concentration camp, beat,
evict, kill, destroy

are wiped out.”

Glorification of
Past Violence

Glorifying past violence against
the target

“The Derg was correct to remove
Tigrayans.”

Accusation in a

Victimization (Al-

Accuses the target of something

“If we don’t win this war, they

mirror bert Bandura) that the perpetrator is doing or will kill us. Are we waiting until
intends to do. Legitimizes retali- they kill us?”
ation in kind. Aggression as self
defense. “Do unto others, as they
would do unto you”
Disloyalty Threat Construc- Expression of mistrust, treachery “She couldn’t hide her treacher-
tion and disloyalty of the group to the ous Agame ways.”, ”Agames are
state. Fifth columnist, impure, puppets of the West.”
foreign, infiltrator, barbarian.
Justification Justification Justifying atrocities, blaming a “Tigrayans support TPLF, so
group for their lot. Just deserts.  they should all be punished.”
Economic  Anti- - Poor and thus useless or greedy “Tigrayans have stolen billions
Tigrayanism and have stolen money and re- from our country.”

sources from the state.

Target-sympathizer
conflation

Those who sympathize with tar-
get groups are also persecuted.
In-group loyalty, members of
dominant group who sympathize

“At such a time, the country is
hurt by *middle settlers.””

Table 2.1: Classifications Used and Similarities to Other Theories.
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particularly when challenged to distinguish dehumanizing language from more general hateful but
non-dehumanizing content (Saffari et al. (2025))

A key contribution of their work is demonstrating that distinguishing dehumanization from re-
lated hate speech is particularly hard. Many hateful expressions contain insulting or derogatory lan-
guage, but not all dehumanizing content is overt in that, some is metaphorical or context-dependent.
The LLMs struggle especially when asked to make this fine-grained distinction (Saffari et al. (2025)).

The work of Saffari et al. (2025) builds directly on the foundation laid by Mendelsohn et al. (2020)
who developed one of the first computational linguistic frameworks for dehumanization. Mendelsohn
et al. (2020) identify key psychological components of dehumanization such as negative evaluation,
denial of agency, moral disgust, and metaphors likening people to vermin and propose linguistic cor-
relates for those components. They then apply their framework to analyze how LGBTQ people are
represented in the New York Times over time, finding significant changes in how dehumanizing lan-
guage is deployed (Mendelsohn et al. (2020); Haslam (2006); Goff et al. (2008); Kteily et al. (2015),
Sherman and Haidt (2011)).

Their categorization for dehumanization of the NLP detection were as follows.

2.2.1 Negative Evaluations of Others

Prior work describes “extremely negative evaluations of others” as a major component of dehumaniza-
tion (Haslam (2006)). Attribution of negative characteristics to members of a target group in order to
exclude that group from “the realm of acceptable norms and values™ is specifically the key component
of delegitimization, a process of moral exclusion closely related to dehumanization (Bar-Tal (1990)).

Mendelsohn et al. (2020) calculated the valence of a text to analyze this variable. Valence cor-
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responds to an individual’s evaluation of an event or concept, ranging from negative/unpleasant to
positive/pleasant (Russell (1980)). It involves calculating the average valence of words occurring in
discussions of the target group. Words with the highest valence include love and happy, while words
with the lowest valence include nightmare. They used paragraphs as the unit of analysis citing that a

paragraph represents a single coherent idea or theme (Hinds (1977)).

2.2.2  Denial of Agency

Another component of dehumanization is the denial of agency to members of the target group (Haslam
(2006)). According to Tipler and Ruscher (2014) there are three types of agency: the ability to (1) ex-
perience emotion and feel pain (affective mental states), (2) act and produce an effect on their environ-
ment (behavioral potential), and (3) think and hold beliefs (cognitive mental states). Dehumanization
typically involves the denial of one or more of these types of agency (Tipler and Ruscher (2014)).
Mendelsohn and colleagues used Sap’s extension of Connotation Frames for agency (Sap et al.
(2017); Mendelsohn et al. (2020)). This lexicon considers the agency attributed to subjects of nearly
2,000 transitive and intransitive verbs. They also used the NRC VAD lexicon’s dominance dimen-
sion which appeared to capture signals of denial of agency. They also used the NRC VAD lexicon’s
dominance dimension, which is a psychological affective resource that assigns valence (pleasantness),
arousal (emotional intensity), and dominance (control) scores to over 20,000 English words. Itis widely
used in emotion analysis, including hate speech detection, to quantify the emotional tone of text (Mo-
hammad (2018)). The highest dominance words are powerful, leadership, success, and govern, while

the lowest dominance words are weak, frail, empty, and penniless (Mendelsohn et al. (2020)).
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2.2.3 Moral Disgust

Disgust underlies the dehumanizing nature of metaphors and is itself another important element of
dehumanization (Mendelsohn et al. (2020)). Disgust contributes to members of target groups being
perceived as less-than-human and of negative social value (Sherman and Haidt (2011)). Buckels and
Trapnell (2013) find that priming participants to feel disgust facilitates “moral exclusion of out-groups”.
Experiments by Sherman and Haidt (2011) and Hodson and Costello (2007) similarly find that disgust
is a predictor of dehumanizing perceptions of a target group. Both moral disgust toward a particular
social group and the invocation of non-human metaphors are facilitated by essentialist beliefs about
groups, which Haslam (2006) presents as a necessary component of dehumanization.

Moral Foundations theory postulates that there are five dimensions of moral intuitions: care, fair-
ness/proportionality, loyalty/ingroup, authority/respect, and sanctity/purity (Haidt and Graham (2007)).
The negative end of the sanctity/purity dimension corresponds to moral disgust.

The dictionary for moral disgust includes over thirty words and stems, including disgust, sin,
perversion, and obscene.

Mendelsohn et al. (2020), using word embeddings, constructed a vector to represent the concept
of moral disgust by averaging the vectors for all words in the “Moral Disgust” dictionary, weighted by
frequency. They identified implicit associations between a social group and moral disgust by calculat-
ing cosine similarity between the group label’s vector and the Moral Disgust concept vector, where a

higher similarity suggests closer associations.
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2.2.4 Vermin as a Dehumanizing Metaphor

Metaphors and imagery relating target groups to vermin are particularly insidious and played a promi-
nent role in the genocide of Jews in Nazi Germany and Tutsis in Rwanda (L. T. Harris and Fiske
(2015)). According to Tipler and Ruscher (2014) the vermin metaphor is particularly powerful be-
cause it conceptualizes the target group as “engaged in threatening behavior, but devoid of thought
or emotional desire.” As with moral disgust, they created a Vermin concept vector by averaging the
following vermin words’ vectors, weighted by frequency: vermin, rodent(s), rat(s) mice, cockroaches,
termite(s), bedbug(s), fleas (Mendelsohn et al. (2020)).

The newer studies by Saffari et al. (2025) can be seen as extending this work: where Mendelsohn
et al. (2020) provided a theoretical and empirical toolkit for identifying dehumanization in media,
Saffari et al. (2025) tested whether modern LLMs can operationalize that toolkit in automated detection.
In doing so, they expose the gaps between psychological theory, media analysis, and the practical
capacity of NLP systems. Their evaluation highlights where current LLMs fall short of the rich, multi-
dimensional conceptualization of dehumanization that Mendelsohn et al. (2020) laid out (Saffari et al.

(2025)).

2.3 The War in Tigray and the Proliferation of Hate Speech

Total war justifies the physical elimination of entire peoples since the destruction of the opponent
entails not only the destruction of its armed forces but also of its society Forster (2007); Bicheno
(2001) defines total war as a conflict where the entire population and resources of the combatants
are committed to complete victory, which could potentially involve the destruction of the opponent’s

society. Straus (2012) also states that the study of genocide should be embedded in a broader study
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of political violence, highlighting the need to examine the causes and logic of genocide in relation
to group destruction. The violence of genocide is obscured and covered over by the violence of war
(Straus (2012); Wyschogrod (2005)). While a country is at war, it is common for military activities
to be justified by the idea that they are defending the country from external threats. Nevertheless, this
justification may easily be extended to include the need to defend the country from internal threats
(Bicheno (2001); Straus (2012)).

On November 4, 2020, the Tigray People’s Liberation Front (TPLF) was accused of attacking
the Ethiopian National Defence Forces (ENDF) in Tigray, the northernmost region composed mostly
of ethnic Tigrayans which make up 5.7% (6 million) of the 121 million Ethiopian population (Un-
known (n.d.)). TPLF leadership called the attack preemptive, stating they acted because the ENDF
was preparing an attack (Wilmot et al. (2021)). As a response, the Ethiopian government launched
what it called a “law enforcement operation” and declared a state of emergency in Tigray (Wilmot et al.
(2021)). The same day, the federal government shut down internet and telecommunications across the
region, creating an information vacuum (Wilmot et al. (2021)). Journalists, aid groups, and researchers
have struggled to access the region since (Wilmot et al. (2021); Byaruhanga (2022)). Meanwhile, hu-
manitarian agencies report that post-conflict aid efforts have been fraught with challenges. In 2023,
investigations uncovered large-scale diversion of food aid, leading the UN World Food Programme
and USAID to suspend aid deliveries nationwide; this suspension of aid (from mid-2023 until par-
tial resumption in 2024) further exacerbated hunger in war-torn regions (Human Rights Watch (2024),
Refugees International (2024)).

Amid the information and access constraints, competing information campaigns emerged to
frame the conflict, including a deluge of hate speech and dehumanization (Associated Press (2021);

United Nations (2022)). For example, the United States Agency for International Development warned
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of dehumanizing rhetoric used by Ethiopian leadership, who have described Tigrayans as “cancers” and
“weeds.” (Anna (2021), Genocide Watch “Ethiopia” section). An investigation on the ill use of Face-
book in developing countries revealed that groups associated with the Ethiopian government and state
media incited violence against Tigrayans by using dehumanizing terms like “hyenas” and “cancer” to
describe the ethnic minority group. Furthermore, the European Union special envoy Pekka Havvisto
stated that Ethiopian leaders vowed to “wipe out the Tigrayans for 100 years” (Anna (2021)). As stated
above, dehumanizing metaphors, such as referring to a group as a disease or invasive species, can lead
others to develop hostile feelings towards that group of people and see them as “less human.” (Benesch
(2012)).

On November 3, 2021, Facebook removed a post from Ethiopia’s Prime Minister Abiy Ahmed
(where he called on citizens “to take up arms”), stating it had violated the platform’s policies against
inciting violence (BBC News (2021)). In disclosures made to the US Securities and Exchange Com-
mission (SEC) and provided to Congress, it was revealed that armed groups in Ethiopia were using the
platform to incite violence against ethnic minorities like Tigrayans (Mackintosh (2021)). The report
identified a cluster of accounts affiliated with the militia group “Fano”, an ethnic Amhara militia group
accused of committing ethnic cleansing against Tigrayans in Western Tigray, including some based in
Sudan (Human Rights Watch (2022)). They used their platform to ”’seed calls for violence”, promote
armed conflict, recruit, and fundraise.

Frances Haugen, a former data scientist at Facebook, told members of a Senate subcommittee that
Facebook is “literally fanning ethnic violence” in Ethiopia (Akinwotu (2021)). As of late 2021, “Face-
book still lacked misinformation and hate speech classifiers in Ethiopia, critical resources deployed in
other at risk countries” (CFR Editors (2022)). Posts that often go unchecked include rhetoric that call

for mob violence, ethnic clashes, and attacks against journalists and government representatives. In
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one recent instance, an inflammatory Facebook post quickly got hundreds of shares and likes, and a
day later the village cited in the post was ransacked, burnt to the ground, and its inhabitants murdered
(Hale (2021)). The post remains on Facebook despite being reported by users.

Additionally, Melaku Alebel Addis, the Minister of Industry for Ethiopia, glorified past violence
against Tigrayans to hundreds of thousands of his followers on Twitter. Viral Facebook posts accusing
Tigrayans of past crimes and their associated guilt, as well as demonization by the federal government
which depicted Tigray as the devil by putting an image of the Tigray regional flag have also been ram-
pant. These disturbing instances raise concern, as the mass arrest, disappearance, and ethnic profiling
of Tigrayans, including children under three years of age, have been widespread across Ethiopia since
the beginning of the war (UN News (2021); Associated Press (2021)).

Even prior to the war, a study using different ML algorithms regarding hate speech in Ethiopia
found that Tigrayans were disproportionately targeted by hate speech and were most vulnerable among
the populations on the receiving end of the attacks (Mossie and Wang (2020)). Moreover, recent find-
ings by the Distributed Al Research Institute (DAIR), which annotated 340 X (formerly Twitter) posts
drawn from a dataset of 5.5 million. The researchers discovered that many tweets employed verminiz-
ing metaphors. For instance, one translated post read “Clean the cockroaches” [ a phrase deeply tied to
historical dehumanizing propaganda against Tigrayans (The Distributed Al Research Institue (2025)).
Identifying that post as genocidal content required knowledge of how Tigrayans had been referred to as
“cockroaches” in other, state-aligned political rhetoric (The Distributed Al Research Institue (2025)).
Such metaphors align closely with Gordon’s verminization technique, where a target group is likened
to pests that should be eradicated (Gordon (2017)).

The same DAIR study revealed numerous tweets denying or minimizing violent events. For ex-

ample, a post using the hashtag #FakeAxumMassacre denied a massacre that was well documented by
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Amnesty International, Human Rights Watch, and other sources (The Distributed Al Research Institue
(2025)). This form of violent event denial is consistent with Gordon’s notion of denial as an incitement
modality: by denying atrocities, perpetrators reduce moral constraints and delegitimize the suffering
of the victim group (Gordon (2017)).

Online rhetoric during the war also revealed attempts to morally justify violence. According to
Amnesty International, Facebook’s algorithm amplified posts portraying Tigrayans as a destabilizing
threat to Ethiopia’s security, framing them as dangerous or disloyal (Amnesty International (2023)).
This justification mirrors Gordon’s “justification during contemporaneous violence™: violence is cast
as defensive or necessary, rather than barbaric or criminal (Gordon (2017)).

Beyond organic user posts, there were coordinated tweet campaigns. Shortly after Internet and
telecommunication access in Tigray was shutdown, diaspora groups launched “click-to-tweet” sites
with pre-written messages designed to influence the narrative (DFRLab (2021)). These campaigns
sought to mobilize international attention and framed Tigrayans in particular ways, shaping both global
and domestic perceptions. Such orchestrated messaging has parallels with instigation in atrocity-speech
law: using speech not just to degrade, but to mobilize and justify violence (Gordon (2017)).

Thus, the Tigray conflict (2020-2022) provides a powerful case study of how atrocity speech
including dehumanizing rhetoric, denial, and calls for violence can proliferate on social media and
contribute to real-world harm. Examining tweets and online content during this war can help illustrate
the theoretical concepts in Gregory S. Gordon’s atrocity-speech typology can map onto real, contem-
porary conflict dynamics, and underscores the need for sophisticated content-detection systems. In
sum, | have sought to test if a nuanced and theory-based psychosocial feature set improves machine
classification of genocidal speech from social media. Among the specific inquiries are the following:

Research Question 1. Can a multi-class ML classifier (built via theoretical lens) accurately
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distinguish between incitement techniques in text, and how will it perform (precision, recall, F1, etc)?

To answer this, I developed a taxonomy of online genocidal speech comments using both quali-
tative open coding and the social and legal theories summarized above. The open coding technique is
a coding method where the classes emerge from the material (Glaser and Strauss (1967)). After gener-
ating these taxonomies/classifications, I annotated data using this taxonomy and trained ML models.
This way, | used a more nuanced categorization for extreme types of hate speech that could lead to
mass atrocities and genocide.

Research Question 2. How do human participants psychologically respond to text labeled by the
model as different types of atrocity speech? Do different hate speech types evoke different reactions?

To answer this, I sent out surveys to 30 Tigrayan Americans with different types of hate speech
based on the taxonomy developed and they were asked to rate those tweets (which were classified by the
ML model) on different dimensions such as perceived threat, perceived violence, emotional reactions
etc. This way, we can test if there are actual perceived differences among different types of hate speech

versus if there is overlap that can better be captured with more broader classifications/labels.
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Chapter 3: Introduction

3.1 Methodology

This chapter explains the process of developing the dataset and outlines the steps of preprocessing the

data and training and model performance.

3.1.1 Research Question

The first aim of this study was to determine how we can use legal, social psychological theories and lin-
guistic markers to classify hate speech using NLP models. I aimed to train and assessed its performance

on multi-class classification data.

3.1.2 Data Source and Collection Approach

To build a corpus of tweets relevant to the Tigray war, I used a keyword-based streaming strategy via
the Twitter API, specifying a domain-specific set of slurs, insults, and hate terms that pertain to ethnic
conflict. Keyword-based filtering (also called “keyword streaming”) involves defining a list of terms
(words or hashtags), and the API returns all tweets containing those terms in real time. This method is
common in social media research examining crisis discourse and hate speech (Khazaie et al. (2021)).
I curated a set of 55 keywords tailored to the Tigray conflict. These included derogatory expres-
sions, context-specific slurs, and politically charged insults that have been used in online discourse
about Tigrayans. To identify the most relevant terms, I cross-referenced slang, local-language insults,
and conflict-specific hate vocabulary with prior research. In particular, twenty of the terms (see Ap-
pendix A and Table C.1) came from a PeaceTech Lab study that enumerated inflammatory words and

phrases used in Ethiopia during 2020, based on survey responses about language perceived to be par-
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ticularly provocative (PeaceTech Lab (2020)).

Using this keyword list, I collected tweets from November 2021 to November 2022, a period
which aligns with an intensification of the conflict and ends shortly after a permanent cessation of
hostilities agreement was signed. On 2 November 2022, Ethiopian government forces (ENDF) and
the TPLF agreed to a peace deal mediated by the African Union in Pretoria. This accord formally
established a “permanent cessation of hostilities” (African Union (2022); Government of FDRE and
TPLF (2022)).

Over this 12-month period, I collected approximately 1.75 million tweets, including both origi-
nal tweets and retweets. For each tweet, I stored not only the text but also metadata: timestamp, tweet
ID, whether the tweet was a reply or not, reply-to-user data, user ID, follower/following counts, user
profile creation date, and geolocation data (when available). This approach is useful since by focus-
ing on a carefully curated keyword list, I have ensured that the data collected is relevant to hate and
conflict discourse, rather than generic or irrelevant tweets. The use of conflict-specific slurs helps to
surface the most dangerous and dehumanizing rhetoric. Moreover, incorporating terms identified in
the PeaceTech Lab study anchors the data collection in the local linguistic context, rather than relying
solely on global or English-centric hate speech lexicons. This increases the likelihood of capturing
contextually meaningful, high-risk speech. The chosen time frame (Nov 2021 — Nov 2022) captures
a critical phase in the conflict, including the buildup to and signing of the Pretoria peace deal (Gov-
ernment of FDRE and TPLF (2022)). This enables analysis of how hate speech evolved around key
political events. Additionally, collecting metadata along with text allows for multi-dimensional anal-
ysis: not just what was said, but by whom, when, and in what social context (e.g., influential users,
network dynamics, retweet behavior). This data, while not used in this analysis will be made available

for later research and researchers to expand on.
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But there are some limitations to note.

For example, even with 55 terms, I may not have capture all hateful or dehumanizing speech,
especially coded or emergent slurs not included in my list. And, given that my data mostly comes from
Twitter, Twitter’s API has rate limits and sampling biases, which may have excluded some content.
Lastly, some hate speech used local languages, transliteration, or code switching that is difficult to
enumerate exhaustively. Attempts to use Tigrinya and Amharic (languages native to Ethiopia) for ML

have proven a bit more difficult.

3.1.3 Annotation Protocol

To create a high-quality, labeled dataset for detecting genocidal and dehumanizing speech, I developed
a detailed annotation protocol grounded in the theoretical framework laid out in the literature review
(Chapter 2).

Drawing on scholarship about genocidal hate speech, dangerous speech, and dehumanization,
I designed guidelines that clearly define each category of interest, provide concrete examples, and
instruct annotators on how to apply them. Initially, a qualitative analysis was conducted to examine
theories on dehumanization, dangerous speech and genocidal speech.

Content analysis was used to discover essential terms from multiple definitions of hate speech,
incitement to violence and existing theories of dehumanization, which guided the development of the
study’s conceptual framework. The annotation technique for guiding the team of human raters to ac-
curately categorize the text for training emerged from this section.

Based on this annotation guideline, human annotators annotated by identifying the high-level

features. The annotation guide helped annotators catch latent traits, such as “othering” language, which
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has previously been found to be useful in collecting subtle kinds of hate speech (Alorainy et al. (2019)).

3.1.4 Annotator Recruitment and Training

I recruited five annotators fluent in English, Amharic, and Tigrinya. Before the annotation began,
each was informed that the task would involve reading offensive and hateful content, which could
be disturbing. The annotators received a comprehensive annotation guide (see Appendix D), which
defined each category (e.g., “hate speech”, “non-hate,” specific incitement types), listed key tokens to
watch for, and included sample annotated tweets to model the process.

To ensure consistency and reliability, I conducted a structured training phase. Annotators partic-
ipated in interactive calibration sessions where they labeled a shared set of practice tweets, discussed
their rationale, and resolved disagreements. I iteratively refined the guidelines based on these ses-
sions. This training and calibration process are critical for ensuring the labeled dataset’s validity and

robustness.

3.1.5 Annotation Process

The data to be annotated was split into two spreadsheets: one containing English tweets, and the other
containing tweets in Fidel script (Amharic and Tigrinya). Each annotator labeled approximately 2,000
tweets in each spreadsheet, for a total of around 4,000 tweets per annotator. During annotation, an-
notators first determined whether a tweet contained hate speech at all. If a tweet was classified as
non-hateful (“No Hate”), it was not assigned a more specific incitement category. For hateful speech,
annotators assigned one of ten incitement category codes, based on the typology drawn from atrocity-

speech law and dangerous-speech frameworks.
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3.1.6 Data Cleaning and Final Corpus

The final dataset consisted of English-language social media posts collected from conflict-monitoring
initiatives and online platforms where hate speech proliferated during a mass atrocity risk period. Posts
were aggregated from Twitter hashtags, and forums related to an ethnic conflict (e.g., mereja.com),
yielding roughly 9,000 posts after cleaning (13k before cleaning). Each post was annotated by trained
coders for hate speech presence and categorized into a detailed taxonomy of incitement types. The
annotation schema was derived from atrocity speech research and dangerous speech frameworks, cap-
turing subtle rhetorical strategies used to instigate violence. If a post was deemed non-hateful, it was
labeled “No Hate” (and excluded from category classification). Hateful posts were assigned one of 10

category codes corresponding to specific incitement tactics. The categories included:

* Quotation/Explanation (Q/E): Not hate speech. These tweets usually cite or explain another

source’s inflammatory words (often to frame or justify an argument).

* Direct Advocacy (DA): Overt calls to harm or discriminate against the target group (e.g., explicit

exhortations of violence or exclusion).

* Verminization (V): Describing the target as vermin or pests, a dehumanization subtype (e.g.,

calling a group “rats” or “cockroaches”).

* Demonization (DM): Portraying the target as evil, demonic, or satanic to sanction extreme mea-

sures.
* Pathologization (P): Depicting the target as a disease or pathology afflicting society.

* Disloyalty (DS): Accusing the target group of treason, betrayal or lack of allegiance, to incite
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distrust or punishment.

Economic Anti-Tigrayanism (EAT): Scapegoating the target for economic woes (e.g., claiming

the group controls resources or is responsible for unemployment).

Accusation in a Mirror (AM): Falsely accusing the target of plotting the same violence that the
speaker intends to carry out. This genocidal technique turns reality on its head, painting the

victims as aggressors to justify “preemptive” violence by the in-group.

Target-Sympathizer Conflation (TSC): Blending target groups with their sympathizers or allies,
so that anyone showing empathy toward the victim group is labeled as part of the enemy. This

extends hate to those who might defend or humanize the target.

Other: Hateful content that fit none of the above uniquely (a catch-all for rare or uncategorizable
cases). This category was eventually used to bundle categories that were too infrequent to make

the classification and training process a bit better.

Each post received a binary hate speech label and, if hateful, one of the above categories. For

quality control, all 5 annotators reviewed some posts, resolving disagreements via discussion with the

lead researcher. Posts labeled “No Hate” or irrelevant were set aside from the categorization task to

focus the model on distinguishing specific hate subtypes.

The final labeled dataset was class-imbalanced: the Q/E category was most frequent (~61% as

many users quoted hateful propaganda), while minor categories like Target Sympathizer Conflation and

Other constituted <5%. To mitigate extreme imbalance, I merged extremely rare categories and used

the “Other” label for any combined minor classes. For example, two infrequent categories were merged

into “Other” (Category 8 in the schema) prior to modeling. This yielded 10 final categories (including
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Category (Code) Description (Summary) Count Percentage of Dataset

Q/E (0) Quotation/Explanation (no 5,689 61.4%
direct hate)

Verminization (2) Dehumanizing  as  ver- 955 10.3%
min/insects

Disloyalty (5) Accusation of trea- 754 8.1%
son/treachery

Direct Advocacy (1)  Explicit calls for violence 619 6.7%

Demonization (3) Portraying as evil/demonic 400 4.3%

Accusation Mirror  False accusation to justify at- 308 3.3%

(7) tack

Target-Sympathizer ~ Attacking sympathizers 188 2.0%

9) (“traitors™)

Economic Anti-Tigr.  Economic in- 162 1.7%

(6) sults/scapegoating

Pathologization (4) Comparing to disease/virus 112 1.2%

Other (8) Justification or praise of past 79 0.9%
violence

(N = 9,266 tweets; categories are primary labels.)

Table 3.1: Category Distribution in Annotated Dataset

Other) numbered 0-9 for modeling convenience. This taxonomy was developed via open coding and
informed by existing frameworks on incitement to genocide (e.g. Gordon (2017)), dangerous speech
(Benesch (2012)) and others mentioned above.

As shown in Table 3.1, the majority (61.4%) of tweets fell under Quotation/Explanation (Q/E)
non-hate tweets, indicating that a large portion of the dataset consists of tweets quoting hateful content
or providing context without directly using hate speech. The remaining 38.6% of tweets were anno-
tated with one of the explicit hate categories. Among the hateful categories, Verminization (10.3%) and
Disloyalty (8.1%) were the most common, reflecting frequent use of dehumanizing slurs (e.g., “cock-

2 ¢¢

roaches,” “worms”) and accusations of treason against the target group. Direct Advocacy (6.7%),

which captures direct calls for harm such as “kill” or “wipe out,” was relatively rare but present, con-
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sistent with prior observations that overt incitement is less common than implicit hate. Demonization
(4.3%) and Accusation in a Mirror (3.3%) were moderately represented, while Target-Sympathizer
Conflation (2.0%), Economic Anti-Tigrayanism (1.7%), and Pathologization (1.2%) appeared infre-
quently. The Other category (combining Justification and Praising Past Violence) was the smallest
(<1%), indicating that explicit justification of ongoing atrocities or glorification of past genocide,
though observed in the data, were very rare. These figures highlight a highly imbalanced dataset, with
an extreme skew toward the neutral Q/E class and very few examples of some dangerous speech types
(e.g., Other, Pathologization). This class imbalance posed a significant challenge for model training
and evaluation, as discussed below.

Because the data I obtained came from social media platforms, the raw texts usually contain a lot
of noise, such as punctuation and URLSs that will affect my experiment results. I pre-processed my text
data at the very first step. Given that Tigrinya and Amharic languages have their own idiosyncrasies,
they were pre-processed a bit differently than my English corpora.

However, since the analysis used HateBERT, a variant of BERT- a modern transformer based
model, it requires less aggressive text preprocessing than traditional ML models (Qiao et al. (2019)). 1
aimed for minimal cleaning such as lowercasing the text, and remove only truly irrelevant noise, keep
punctuation, stopwords, and other context-providing tokens so HateBERT can fully utilize them. The
goal was to clean the noise while preserving the context.

The preprocessing involved several steps.

Special tokens were handled by replacing the user’s username with a [USER] token, and URLs
with [URL]. The dataset was loaded using chardet, to ensure proper encoding. Missing HATESPEECH
values were replaced with “NO”, and missing EXPLANATION values were filled with “No Explanation
Provided”. Rows with missing TEXT values were discarded (meaning there was no tweet or it was
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Figure 3.1: Distribution of Hate Speech Categories in the Dataset

just a character). Finally, underrepresented categories (TSC and other categories 8 and 9) were merged

into a single “Other” category.

Figure 3.1 shows the distribution in the dataset and that the Q/E category is a majority class.

3.1.7 Single-label vs. Multi-label Categorization

In designing the classifier, I chose a single-label (multi-class) scheme where each tweet was assigned
exactly one hate category rather than allowing multiple labels per tweet. Initially during annotation, I
tried multi-label coding and observed specific issues with it. Annotators often hesitated to assign mul-
tiple categories or disagreed on how many categories applied. This aligns with prior findings that re-
quiring multiple categories can overwhelm annotators and inflate “agreement by chance” (Pavlopoulos
etal. (2022); Davani et al. (2023)). For example, one tweet could arguably fit both “dehumanizing” and
“calls-for-violence,” but asking coders to check both boxes led to inconsistent labeling. Consequently,
I instructed annotators to select the single best-fitting category. This introduced some ambiguity, but
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it avoided annotation deadlock. The practical issues I encountered and the associated disagreement,
ultimately informed my decision to stick with single-label annotation.

While hate speech can overlap (e.g., one post could be both direct advocacy and verminiza-
tion), recent surveys note that most classifiers still use single-label schemes even though practice may
require overlapping subtypes (Tsoumakas and Katakis (2007); M.-L. Zhang and Zhou (2013)). Multi-
label classification, which assigns all applicable categories to each instance, can better capture these
overlaps but substantially increases modeling complexity (Kharde and Sonawane (2016)). Multi-label
tasks often require transforming the problem (e.g., one-vs-rest binary classifiers or power-set meth-
ods) and typically need larger datasets (compared to what my study had) to adequately model label
combinations (Tsoumakas and Katakis (2007); M.-L. Zhang and Zhou (2013)); Kharde and Sonawane
(2016)). Therefore, I opted for a simpler single-label approach, following common practice that takes
the most salient label per item, such as using majority vote when multiple annotations exist (Davani
et al. (2023)). While this ignores some nuance, it greatly simplifies training and evaluation since stan-
dard multi-class classifiers and metrics can be used directly. I recognize this as a limitation, but at the
time it was the most practical choice given my data size and annotation complexity.

Choosing single-label classification means potentially discarding overlapping signals. However,
multi-label schemes have their own pitfalls. Allowing multiple labels during annotation can increase
apparent agreement but complicates the interpretation of ground truth (Pavlopoulos et al. (2022)). For
instance, if two annotators each see a different valid category and both labels are allowed, agreement
on any single label may paradoxically drop, even if both partially agree on the content (Pavlopoulos
et al. (2022); Kenyon-Dean et al. (2020)). Multi-label annotation also complicates inter-annotator
agreement metrics since traditional measures like Cohen’s Kappa are not straightforwardly applicable
(Kenyon-Dean et al. (2020)). Given my limited annotator pool and the inherently subjective nature
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of the categories, I found that forcing a single label per tweet produced more consistent coding. In
effect, I prioritized high inter-coder consensus and easier model fitting over capturing every nuance.
Future studies might leverage annotator disagreements more directly, e.g., treating label uncertainty as

a distribution (Davani et al. (2023)), but I did not do so here.
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Chapter 4: Results

4.1 Data Analysis: Study 1

The following subsection will introduce and go through the analysis procedure used to classify hate

speech using ML methods.

4.1.1 Machine Learning

ML involves automatically discovering patterns in features derived from training data to optimize per-
formance through approximations based on data (El Naga and Murphy (2015)). Bisong (2019) defines
ML as the set of methods and algorithms for discovering patterns in data. On the other hand, Kant
(2010) describes ML as programming computers to optimize performance using example data and past
experience. It is a subfield of artificial intelligence that refers to systems that are capable of learning
and adapting to changes in their environment without the intervention of a system creator or without
explicit programming and adapt to new data (Mitra (2019); Alpaydin (2010)). ML makes use of statis-
tical inferences to process, analyze, and understand data patterns in small and large datasets using one
of four major learning methodologies: supervised, unsupervised, semi-supervised, or reinforcement
learning (Saraswat and Raj (2021); Saravanan and Sujatha (2018)).

To conserve time and resources, I employed a systematic approach to data analysis, starting with
unsupervised models and progressing to supervised methods. I started with pattern discovery, gradually

accumulating labeled data, and finally building an efficient classification model.
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4.1.2 Unsupervised Learning and Explorative Analysis

Unsupervised learning refers to a ML methodology in which an algorithm is employed to analyze data
without the presence of explicit supervision or labeled data (Chander and Vijaya (2021); Vermeulen
(2019)). The process entails the identification of patterns, structures, or relationships present within
the data.

It is a valuable approach in situations when there is an absence of labeled training data, as it
enables the exploration of concealed patterns and the clustering of comparable data points. The process
of labeling a high-volume training set does not depend on human labor; rather, it employs a dynamic
approach to extract key domain-related phrases (Xiang et al. (2012)). Thus, it can be useful when there
is a scarcity of labeled data and it can also play a crucial role in the initial phase, to identify patterns
and clusters (Karoly et al. (2018); Y. Zhang et al. (2006)).

During the labeling process (prior annotation was finished), I ran a Latent Dirichlet Allocation
(LDA) and Linguistic Feature Analysis (LFA) to see what an unsupervised model will output. LDA is
a topic modeling technique used in natural language processing (NLP) to uncover latent topics within
text data (Blei et al. (2003)). Linguistic Feature Analysis is a method involving extraction and analysis
of linguistic characteristics (e.g., lexical, semantic, syntactic features) from textual data, commonly
used to understand language patterns or predict outcomes like sentiment or hate speech classification

(Pennebaker et al. (2015); Tausczik and Pennebaker (2010)).

4.1.2.1 Latent Dirichlet Allocation

As mentioned before, I ran a LDA to extract topics from the corpus, experimenting with 5 topics. The

LDA results revealed a mix of meaningful themes and noise. For instance, one topic (Topic #0) was
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characterized by terms related to the conflict and actors: “eritrea”, “agame”, “ethiopia”, “tigray”,
“disarmTPLF”, “TPLF”, suggesting a cluster of tweets focusing on the Tigray war, the TPLF (Tigray
People’s Liberation Front), and involvement of Eritrea. Another topic included terms like “woyane”,
“nomore”, “people”, where “woyane” (a derogatory term for Tigrayans) and the hashtag “#NoMore”
(part of an online campaign used by the Ethiopian government) indicates a theme centered on anti-
Tigrayan slogans and social media movements. A third topic contained overlapping terms such as
“terrorist”, “weyane”, “people”, “Eritrean”, reflecting discussions framing the target group as ter-
rorists and referencing Eritrean involvement in the war. These dominant topics align with known
narratives of the conflict: labeling Tigrayans and their supporters as enemies or terrorists, and rallying
nationalist sentiments (e.g., “NoMore” refers to a propaganda slogan during the Tigray war).
However, not all extracted topics were coherent. One topic (Topic #4) was clearly spurious,
containing terms like “project”, “algo”, “airdrop”, “algorand”, “btc” alongside “agame”. This
indicates that some unrelated content (such as cryptocurrency promotions that coincidentally contained
a keyword like “agame’) was present in the dataset. Such noise in the data demonstrates a limitation
of using keyword-based collection. Some tweets were irrelevant to hate speech but contained the

search terms, thereby introducing off-topic content into the corpus. I addressed this in preprocessing by

filtering out obviously irrelevant tweets, but the LDA findings suggest minor residual noise remained.

4.1.2.2 Linguistic Feature Analysis

I extracted and analyzed various linguistic features of the texts to further characterize each hate speech
category. In particular, I examined lexical patterns by identifying the most frequent words used in each

category (after removing stopwords). Using a CountVectorizer, I calculated term frequencies within
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LDA Topic Distribution in Hate Speech Data
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Figure 4.1: LDA Analysis on the Dataset

each subset of documents belonging to a given category. For each hate category, the top 10 most
common content words were recorded. Table 4.1 presents these top words by category, which provides
a snapshot of the distinctive vocabulary and rhetoric of each hate speech type.

Several noteworthy patterns emerge from these lexical features. ethnic slurs and derogatory
names like “agame” (a slur for Tigrayans) and “woyane/weyane” (pejorative for the TPLF or its sup-
porters) are among the top words for many hate categories (e.g., V, EAT, DA). This indicates that
ethnic insults are a core linguistic feature of the hate speech in my dataset. In the Pathologization (P)
category, I see the word “cancer” in the top terms, consistent with the pattern of describing the target as
a disease. The Accusation in a Mirror (AM) category uniquely includes words related to reproduction
(“women, womb, birth”), suggesting content about demographic threat (accusing the target group of
what the aggressor is planning) often invokes such themes. Meanwhile, Quotation/Explanation (Q/E)

posts commonly contain words like “media, account, twitter, policy” aligning with the notion that these
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Category (Code)

Top Frequent Words

AM (Accusation in a
Mirror)

DA (Direct Advo-
cacy)
DM (Demonization)

DS (Disloyalty)

EAT (Economic
Anti-Tigrayanism)
Other

P (Pathologization)

Q/E (Quota-
tion/Explanation)

TSC (Target Sympa-
thizer Conflation)

V (Verminization)

woyane, birth, tigray, women, womb, eritrean, tplf, forces
woyane, tplf, weyane, nomore, ethiopia, agame, tigray

woyane, tplf, ethiopia, amp, It, eritrea, junta, satan

tplf, woyane, ethiopia, terrorist, nomore, weyane, amp,
tplfterroristgroup

woyane, tplf, agame, people, amp, ethiopian, orphan, thing

woyane, tplf, ethiopia, war, tigray, people, eritrea, amp
tplf, weyane, woyane, ethiopia, like, cancer, know, think

agame, nomore, woyane, media, learn, account
woyane, tplf, amp, ethiopia, weyane, nomore, eritrea, know

agame, tplf, woyane, tigray, amp, eritrea, like, eritrean, ko-
mal

Table 4.1: Top Frequent Words from Unsupervised Analysis
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texts often reference social media content or policies (likely quoting posts or discussing platform rules).

I found key differences lie more in which words are chosen (as shown in Table 4.1 above) than in
how verbose or lexically diverse the posts are. In summary, the linguistic feature analysis shows that
each hate speech category has a distinctive vocabulary indicating different rhetorical strategies, even
as they share some common elements (like slurs and references to the Tigray conflict). These features
can inform feature-based classification or provide interpretive context to the topics and sentiments

identified earlier.

4.1.2.3 Sentiment Analysis

I assessed the sentiment of each document using a lexicon-based sentiment analysis. Specifically, the
VADER sentiment analyzer (Hutto and Gilbert (2014)) from NLTK was used to compute the com-
pound sentiment score for every text. The compound score ranges from -1 (most negative) to +1 (most
positive) and captures the overall sentiment polarity.

Figure 4.2 shows the distribution shows the distribution of compound sentiment scores across
all documents (a histogram with a kernel density estimate). The sentiment distribution is notably left-
skewed; the vast majority of documents have negative sentiment scores. | have indication that most
posts in the dataset carry a negative or hostile tone. This is expected given the hate speech context.
Some of the tweets neutral to mildly positive scores, which I believe are the non-hateful tweets in my
dataset. The overall mean sentiment score was -0.22 (SD = 0.35), confirming a bias toward negative
sentiment. This finding quantitatively corroborates that the corpus is dominated by negative sentiment
content.

I further examined sentiment differences across the hate speech categories. The average senti-
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Figure 4.2: Histogram of Sentiment Scores with a Kernel Density Estimate (KDE) Overlay

ment score was computed for each category of hate speech and most hate speech categories exhibit
negative mean sentiment, but to varying degrees.

Figure 4.3 shows the mean sentiment scores for different hate speech categories, with darker
shades representing more negative sentiment. The category exhibiting the most extreme negativity is
“Accusation in a Mirror (AM)”, with an average sentiment score of -0.47. This finding suggests that
content within this category is particularly hostile and aggressive, likely involving strong accusations.
Other categories, such as Demonization (DM), Disloyalty (DS), and Direct Advocacy (DA), also ex-
hibit strong negativity (-0.29 and -0.23) , reinforcing their association with inflammatory rhetoric and
antagonistic narratives.

On the other end of the spectrum, the category “Quotation/Explanation (Q/E)” is closest to neu-

tral, with a sentiment score of -0.001. This suggests that posts classified under Q/E are more likely
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Figure 4.3: Sentiment Analysis of Hate Speech categories

to contain quoted statements or explanations rather than overt expressions of hate. Similarly, the
Economic Anti-Tigrayanism (EAT) and Verminization (V) categories exhibit less intense negativity
compared to categories like AM and DM, though they still carry a negative sentiment.

These results highlight the varying intensity of hate speech across different categories. The dis-
tinctions in sentiment intensity provide further insight into how different hate speech narratives function
and the degree of hostility embedded within them.

Overall, the unsupervised analysis provided face validity for the data: it confirmed that key
conflict-related hateful narratives (e.g., demonizing Tigrayans as “woyane” or enemies) emerged as
prominent themes. It also helped guide further cleaning (noticing the out-of-context topic). These
insights informed the subsequent modeling steps. For example, recognizing the prevalence of cer-
tain terms and narratives allowed us to ensure my annotation schema captured those (which it did, via

categories like Verminization, Demonization, etc.). The topic modeling also underscored the multi-
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lingual and code-mixed nature of the data, terms like “agame” (a slur for Tigrayans) and “woyane”
(Tigrinya/Amharic term) are mixed in an English context, highlighting the need for models to handle
such mixed-language phenomena. This unsupervised step thus set the stage for come feature engineer-

ing and model selection in my supervised approach.

4.1.3 Supervised ML Approach

Supervised ML involves training an algorithm on a labeled dataset. Vermeulen (2020), defines super-
vised learning as creating a function that maps inputs to outputs based on labeled training data. The
purpose of supervised learning is to create a model capable of assigning class labels to testing examples

based on known predictor features (Muhammad and Yan (2015)).

4.1.3.1 Model Architecture

This study employs HateBERT, a Transformer-based language model introduced by Caselli et al.
(2021), as the backbone for hate speech classification. HateBERT was originally trained and fine-
tuned to detect hate vs. non-hate speech in a binary classification setting (Caselli et al. (2021)). In its
initial design, the model distinguished between abusive/hateful content and benign content which is a
dichotomous approach common in prior work. Adapting this model to a multi-class classification task
is a key methodological contribution of my research. Instead of a single hate/non-hate decision, I fine-
tuned HateBERT to categorize tweets into multiple hate speech sub-categories (along with a non-hate
category). Concretely, I replaced the final layer of HateBERT with a new softmax classification layer
with one neuron per class, enabling the model to output a probability distribution over all hate speech

categories defined in my annotation scheme. This adaptation moves beyond the binary dichotomy and

54



allows the model to capture nuanced distinctions between different forms of hateful content. By lever-
aging HateBERT’s language understanding (pre-trained on offensive Reddit comments) and extending
it to multiple classes, I operationalized theoretical typologies of hate speech in a practical classifier.
This approach addresses a noted gap in hate speech detection research. Whereas most automated
systems remain at a coarse hate vs. no-hate level, thismulti-class model demonstrates how a domain-
specific binary classifier can be repurposed to recognize diverse hateful themes which is an important
step for granular content moderation (Fortuna and Nunes (2018)). In summary, the model architec-
ture consists of the HateBERT encoder (based on the BERT-base architecture) followed by a custom

classification head for multi-class output.

4.1.3.2 Training and Evaluation

We fine-tuned HateBERT on my labeled Twitter dataset using a categorical cross-entropy loss, updating
all model weights. The dataset was split into training, validation, and test sets. During training, I
employed early stopping based on validation loss to prevent overfitting. It is important to highlight the
class imbalance in the dataset: the majority of instances (approximately 60—70%) belong to the “non-
hate” category (labeled as Q/E in my scheme), while the remaining instances are spread across several
hate speech categories with far fewer examples each. This imbalance posed a challenge for model
learning. The optimizer can become biased towards the majority class because minimizing error is
easiest when predicting the most frequent class. I attempted to mitigate this by experimenting with
class-weighted loss (assigning higher weights to underrepresented classes) and oversampling minority
class examples in some training runs. However, even with these strategies, the imbalance remained a

significant factor influencing performance.
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4.1.3.3 Evaluation Metrics

To evaluate the model, I report overall accuracy as well as precision, recall, and F1-score for each
class. Accuracy is the percentage of tweets correctly classified; while straightforward, accuracy can be
misleading in imbalanced settings. I therefore place greater emphasis on the macro-averaged F1-score,
which treats each class equally by computing the F1 for each class and averaging them. The F1-score
is defined as the harmonic mean of precision and recall. For a given class, precision is the proportion
of instances the model labeled as that class which were truly that class, and recall is the proportion of
true instances of that class that the model successfully identified. The F1 combines these, penalizing
cases where one is high and the other low. A macro F1 (unweighted average across classes) is sen-
sitive to performance on minority classes, whereas a high accuracy might only reflect success on the
well-represented class. I also report the weighted-average F1 (weighted by class frequencies) for com-
parison, as well as class-wise precision and recall to diagnose where the model performs well or poorly.
I define these metrics following standard practice and use them to gauge both overall performance and
balance of performance across classes. To interpret the results, I considered common benchmarks: for
instance, an F1-score around 0.50 is often considered a baseline for an initial model in a multi-class
task, whereas 0.80+ would indicate strong performance. No hard “pass/fail” threshold exists for F1,
but higher is better, and macro-F1 in particular should be compared against the proportion of each class

to understand if the model is doing better than trivial predictions.

4.1.3.4 Results

As noted above, model training was conducted on the training set (with a further split for validation),

optimizing cross-entropy loss for multi-class classification (each tweet assigned a single primary cat-
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Category Precision Recall F1-Score Support

Q/E (Non-hate, 0) 0.90 0.81 0.85 1,138
Direct Advocacy (1) 0.63 0.39 0.48 124
Verminization (2) 0.38 0.69 0.49 191
Demonization (3) 0.49 0.55 0.52 80
Pathologization (4) 0.63 0.55 0.59 22
Disloyalty (5) 0.52 0.53 0.52 151
Economic Anti- 0.38 0.39 0.39 33
Tigrayanism (6)

Accusation in a Mirror (7) 0.46 0.55 0.50 62
Other: Justification/Praise 0.14 0.07 0.09 15
(8)

Target—Sympathizer Con- 0.25 0.16 0.19 38
flation (9)

Macro Average 0.48 0.47 0.46 1,854
Accuracy — — 0.69 1,854
Weighted Average 0.73 0.70 0.69 1,854

Table 4.2: Classification Performance of Supervised HateBERT Model (Baseline)

egory). Given the severe class imbalance, 1 also experimented with strategies such as class weight
adjustments and merging of minority classes (the Justification and Praising Past Violence categories
were merged into Other as noted) to improve learning stability.

After training, the fine-tuned HateBERT model was evaluated on the held-out test set (1,854
tweets). Table 4.2 presents the classification report, including precision, recall, and F1-score for each
category, as well as overall accuracy and macro-averaged metrics.

The model achieved an overall accuracy of 69.8% on the test tweets. Given the multi-class
nature and the highly imbalanced label distribution, accuracy alone can be misleading. In fact, always
predicting the majority class (Q/E) would already yield 61% accuracy. More informatively, the macro-

averaged Fl-score was 0.46, reflecting the classifier’s average ability to handle the categories. The
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weighted average F1 (which accounts for the prevalence of each class) was higher at 0.71, indicating
that the performance on the high-frequency classes (especially Q/E) bolstered the overall accuracy.

Class-by-class results reveal significant variation in performance. The model performed very
well on the majority Q/E class, with Precision = 0.90, Recall = 0.81, F1 = 0.85. This indicates it was
able to identify non-hate contextual tweets with high precision (few false positives) and reasonably
high recall, which is expected given the abundance of training examples for Q/E (over 5k instances)
and the relatively distinctive nature of that class (often lacking the hateful keywords that define other
categories).

For several of the substantive hate categories, the model achieved moderate success. For exam-
ple, Direct Advocacy (calls to violence) had an F1 of 0.48, with precision 0.63 and recall 0.39. This
means when the model predicted a tweet as Direct Advocacy, it was correct 63% of the time, but it
only caught 39% of all actual DA instances (missed quite a few). Similarly, Verminization had F1 =
0.49, with a notably high recall of 0.69 but low precision 0.38, the model was sensitive in detecting
verminizing language (catching 69% of true V tweets), but at the cost of many false positives (it often

misclassified other categories as Verminization). This suggests that certain dehumanizing keywords

99 ¢ 99 ¢¢

(like “snakes,” “rats,” “cockroaches”) were strong cues the model learned, but sometimes it incorrectly
flagged tweets that used animal terms metaphorically or in quotes. Demonization (F1 = 0.52) and Ac-
cusation in a Mirror (0.50) had similar middling performance, indicating the model picked up some
patterns (e.g., usage of words like “devil” or phrases implying “they will do destroy to us”) but still
struggled with consistency. Disloyalty was around F1 =0.52 as well, showing moderate ability to catch
words like “traitor” or “betrayal.”

Crucially, the model struggled with the rarest categories. “Other” (Justification and Praising Past

Violence) had an extremely low F1 of 0.09, with only 15 instances in the test set, the model correctly
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identified just a couple of them (Recall 7%) and had many false positives (Precision 14%). This indi-
cates that tweets which implicitly justify violence or praise past violence were often misclassified as
something else, likely because the model had very few examples to learn from and these tweets can
be linguistically subtle (often they don’t contain obvious hate keywords but rather tone or historical
references). Target-Sympathizer Conflation also saw poor performance (F1 = 0.19), reflecting diffi-
culty in catching instances where the hate is directed at those perceived as allied with the enemy (e.g.,
calling neutral parties “traitors” as well), again a relatively uncommon and nuanced category. The
Pathologization category, although extremely rare (22 instances), had a somewhat higher F1 of 0.59,
the model happened to get 12 of 22 correct (recall 0.55) with few false positives (precision 0.63) in
this split. This might be due to the presence of very distinctive keywords like “cancer” or “virus” for
pathologizing hate, which, though few, are easy for the model to latch onto when they do appear.

The confusion matrix in Figure 4.4 confirms that misclassifications often occurred between con-
ceptually similar categories. For example, many tweets that were actually Direct Advocacy (true label
= 1) Verminization (class 2), indicating that the model sometimes failed to recognize an explicit call
for violence if it was phrased indirectly or accompanied by dehumanizing language (causing confusion
with Verminization).

Likewise, a notable confusion was observed between Q/E and V such that the model mislabeled
a number of non-hateful quotes (Q/E) as Verminization (as seen by a sizable off-diagonal count in
the matrix where true 0 were predicted 2). This likely occurred when a tweet quoted someone using
dehumanizing language: the annotators labeled it as Q/E (since the tweet itself was just quoting), but the
model, looking only at text, picked up the hateful words and classified it as Verminization. Such cases
highlight the challenge of context: the model doesn’t inherently know the difference between a hate

term used in a quote versus in an original statement. I also see the model tended to predict the “Other”
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Table 4.3: HateBERT versus Random Classifier

Category Support True Random Supervised Model

Name (Count) Proportion FI1-Score F1-Score Improvement
Q/E (Non-hate) 1138 61.38% 0.174 0.85 4.9x
Direct Advocacy (DA) 124 6.69% 0.187 0.48 2.6x
Verminization (V) 191 10.30% 0.182 0.49 2.7x
Demonization (DM) 80 4.31% 0.189 0.52 2.7x
Pathologization (P) 22 1.19% 0.198 0.59 3.0x
Disloyalty (DS) 151 8.14% 0.184 0.52 2.8x
Economic Anti-Tigrayanism (EAT) 33 1.78% 0.197 0.39 2.0x
Accusation in a Mirror (AM) 62 3.34% 0.191 0.50 2.6x
Other: Justification/Praise 15 0.81% 0.199 0.09 0.5x
Target-Sympathizer Conflation (TSC) 38 2.05% 0.196 0.19 1.0x
Overall Macro Average 1,854 — 0.19 0.46 2.4x

category very rarely that most true “Other” tweets were misclassified as some other form of hate,
illustrating that the model effectively ignored the existence of this class, probably due to insufficient
data to form a distinct concept for it. On the other hand, the model seldom confused the non-hate Q/E
class with the more explicit hate classes like Direct Advocacy or Demonization. This asymmetry in
confusion (non-hate being mistaken for hate versus hate mistaken for non-hate) suggests the model was
somewhat conservative: it did miss some hate (recall issues), but it didn’t wildly flag benign content
as hate at a high rate (precision was decent for most classes, especially the dominant ones).

Overall, the baseline supervised model’s performance underscores the difficulty of fine-grained
hate speech classification. While it achieved good accuracy on paper, much of that comes from ex-
celling at the majority class. The more important measure macro F1 0.46 indicates plenty of room
for improvement, especially for the critical minority classes that represent the most incendiary forms
of speech (e.g., direct calls to violence). However, comparing it to a random classifier-supervised ML
still does a better job of classifying hate than a random classifier. These baselines help contextualize
the trained model’s performance relative to “chance” or naive strategies.

As can be seen in Table 4.3 the HateBert model shows a significant improvement (2x to 4.9x)
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over random chance/classifier for eight of the ten categories, demonstrating effective feature learning.
Notably, Pathologization (4), despite having only 22 samples, achieved the highest F1-Score among all
hate categories (0.59), suggesting its linguistic features (disease metaphors, etc.) are highly distinct.

As stated above, the most prevalent error for almost all minority classes was misclassification
into Class 0 (Q/E). For example, 22 instances of the highly severe Direct Advocacy (1) were wrongly
labeled as non-hate (Q/E). This indicates that when the model encounters uncertainty, it defaults to the
largest, safest category.

Figure 4.5 provides an additional performance perspective that complements the confusion ma-
trices and F1-scores presented earlier. While confusion matrices reveal how often the model is correct,
ROC curves reveal how confidently and consistently the model ranks the true class higher than com-
peting classes across all possible thresholds. This matters for hate speech applications where decision

thresholds may need to be adjusted depending on tolerance for false alarms vs. missed hate content.

4.1.4 Summary: Study I

The experimental results provide several insights into the nature of online dangerous speech and the
feasibility of detecting it through NLP. First, the imbalance in category frequencies itself is an impor-
tant finding. Over 60% of collected tweets were categorized as Quotation/Explanation, meaning they
contained content related to the conflict or hate speech context but were not themselves hate speech.
This high proportion of non-hateful contextual content reflects the reality that, in online discussions
around conflicts, many users are quoting officials, sharing news, or arguing against hate speech, along-
side those propagating hate.

The model’s good performance on this category (F1 0.87 in the supervised model) indicates that
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it is quite feasible to distinguish explicit hate speech from neutral or quote content, but there was also
some confusion. The fact that the classifier occasionally confused quoted hate for actual hate highlights
a nuance show that context and intent matter. A quote of hateful rhetoric (which my annotators marked
as Q/E) contains the same or similar toxic words as genuine hate speech; without metadata such as
quotation markers, the supervised model misclassified a nontrivial portion of these as hate speech (e.g.,
12% of Q/E tweets predicted as Verminization). This suggests that, in practice, content moderation
systems might need context flags (e.g., was the user condemning the hate or endorsing it?) which
are beyond text-only analysis. Still, the overall ability to separate non-hate from hate was strong,
reinforcing that hateful content is linguistically detectable to a large extent, consistent with prior work
in automatic hate speech identification.

Among the hate categories, the model’s differential performance provides insight into which
forms of dangerous speech are more stereotyped and recognizable versus which are more subtle or
context-dependent. For instance, the model had a relatively easier time with Verminization (supervised
F1 = 0.52). This suggests that references comparing people to insects or pests (e.g., “cockroaches,”
“rats”) are fairly detectable and such language has been documented as a hallmark of pre-genocidal
propaganda (e.g. Tutsis being called cockroaches in Rwanda). The model likely latched onto these
specific slurs, making Verminization a somewhat easier pattern to detect. This is an encouraging re-
sult because dehumanization via vermin metaphors is extremely dangerous (it frames violence as pest
control) and my ability to automatically flag it means we can potentially catch early warning signs
of genocide-inciting discourse. Similarly, Pathologization had high precision; terms like “cancer” or
“virus” used to describe a group are not very ambiguous in meaning. These findings affirm that inte-
grating theoretical constructs of dehumanization into the taxonomy was fruitful.

On the other hand, categories like Accusation in a Mirror and Other (which had categories such
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as Justification/Praising Past Violence) were more challenging, reflecting their subtlety. Accusation in
a Mirror (AM) involves claims like “They are planning to do X to us” or “They have done Y (which
is actually what we are doing to them)”. This often requires understanding context or irony. For
example, accusing the Tigrayan side of atrocities as a mirror to one’s own actions. The model’s F1
of 0.50 for AM in the supervised model indicates moderate success. However, the category remains
linguistically varied and sometimes difficult to separate from legitimate discourse expressing fear or
security concerns without context.

This touches on a theoretical point that Gregory Gordon and others have pointed out that “accu-
sation in a mirror” is a common rhetorical technique to justify preemptive violence (Gordon (2017)).
My work shows that while an NLP model can be trained to recognize this pattern, it may need a lot of
examples and perhaps additional context (historical or situational knowledge) to do so reliably.

The Justification category (merged into Other) dealt with post-hoc justifications of violence or
harm (“they deserved it””). These statements often lack overt insults and instead use moral or logical
arguments. In the supervised model F1 was 0.09 due to its inability to identify any example of this
subtle category. These statements often use calm tone or implicit reasoning such as e.g., “We had to
do it because they were evil” making them hard to distinguish from general political argument. It’s
possible that incorporating features beyond unigram text (such as the presence of references to past
events or victim-blaming syntax) could help in future.

The relatively poor performance in the Target-Sympathizer Conflation (TSC) category also reveal
an insight. TSC involves attacking in-group members perceived as traitors or sympathetic to an enemy.
TSC had an F1 of 0.23, a low but nonzero performance reflecting some learning of its patterns. This
finding reveals that TSC is both rare and linguistically subtle, and more explicit labeled examples may

be needed for robust detection. I believe that detecting TSC is important because it flags attempts to
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silence moderates or neutral parties, which is a sign of radicalization.

Comparing these findings to existing literature, my multi-class, taxonomy-based approach pro-
vides a new level of granularity. Most previous hate speech classification efforts have focused on
binary classification (hate vs. not) or coarse categories (e.g., racism, sexism). I extend this space by
focusing on genocide-related dangerous speech categories, which is a novel contribution. The abil-
ity to detect some of the categories supports the approach of merging social science theory with NLP
methods especially with additional training data and major larger groupings (instead of 10 categories).

This is a significant interdisciplinary contribution: computational models can operationalize
complex scholarly concepts (e.g., Bandura’s moral disengagement, Stanton’s incitement taxonomy)
and detect their manifestations at scale. It demonstrates a possible path forward for theory-informed

NLP in the domain of harmful speech and early warning systems for violence.

4.1.4.1 Role of Class Imbalance

The skewed label distribution strongly influenced the classifier’s predictions. Since the majority of
tweets were harmless or merely explanations (Q/E), the model learned a decision boundary that fa-
vored labeling ambiguous cases as non-hate. This yielded a high recall for the Q/E class (over 95%)
but very low recall for minority classes (often under 30%). In practical terms, the model misses a large
portion of hateful content which is a serious limitation for a hate speech detection tool. The bias toward
the majority was evident in the confusion matrix: most errors involved hate tweets being classified as
Q/E, rather than one hate category being mistaken for another. This conservative strategy of predicting
“non-hate” maximized accuracy but undermined the utility of a multi-class classification system. My

attempts to address imbalance (e.g., class weighting) only slightly improved the situation; the funda-
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mental issue is the lack of sufficient training examples for rare hate categories. Notably, the macro-F1
of 0.44 is much lower than the weighted F1 of 0.80, quantifying how imbalanced performance was
across classes.

Such outcomes are typical in imbalanced data scenarios: high accuracy is not necessarily indica-
tive of a good model, since a model can achieve high accuracy by simply predicting the majority class
for most instances (Valverde-Albacete and Pelaez-Moreno (2014)). In my case, a trivial majority-class
classifier would reach 65% accuracy (matching the prevalence of Q/E) and a macro-F1 around 0.17
(since it achieves decent F1 on the majority class but 0 on all others). I also compared with a ran-
dom classifier which did worse than my results for most categories. These comparisons confirm that
my model, despite its shortcomings, is picking up meaningful signals beyond what random chance or
trivial heuristics would achieve. For example, it does identify some hate tweets correctly, but there is

substantial room for improvement in capturing the full spectrum of hate speech.

4.1.4.2 Contextualizing in Conflict Dynamics

The empirical results should also be discussed in the specific context of the Tigray conflict. The pres-
ence and frequency of certain categories in my dataset reflect the narratives that were prevalent during
the conflict’s online discourse. For instance, the high number of Verminization and Demonization in-
stances corresponds to reports that Tigrayans were frequently described in animalistic or demonic terms
by some Ethiopian social media users and even officials. This mirrors historical cases; for example,
just as Tutsis were called “inyenzi” (cockroaches) in Rwanda, Tigrayans were called “daytime hye-
nas” or “weeds” in some posts. My detection of these patterns quantitatively confirms those anecdotal

reports. Likewise, Direct Advocacy content, while only 7% of my data, is extremely consequential
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since these are explicit incitements to violence (e.g., “Go house to house, kill all agames” as in my
example).

The fact that my model could identify some of these correctly is important: it means such outright
dangerous posts can be systematically flagged. In the context of the war, there were documented
instances of leaders or influencers making genocidal statements (for example, a Facebook post by
Ethiopia’s Prime Minister in 2021 that called opponents “weeds” to be eliminated, which was removed
by the platform). My categories and model were directly relevant to capturing that kind of language
(that post would be Pathologization or Direct Advocacy).

One interesting observation is the content under Praising Past Violence (added to Other category)
which though rare, some social media users invoked historical atrocities (like what the Derg regime
did to Tigrayans) in a positive light. This is a form of hate that connects present and past, serving to
intimidate the target group by reminding them of previous genocide. Capturing this category is novel,
my model did not perform well on it likely due to few examples, but it signals an area for further
research. It might require incorporating historical references or knowledge bases to truly catch such
instances. With more data, the model might have learned that Verminization isn’t only expressed with
the word “cockroach” but also with coded language or local slang (perhaps new derogatory terms that
weren’t in the initial training). This suggests that the hate speech propagators may use a wide lexicon
that only becomes apparent at scale.

As another contextual point, my dataset was primarily English-language tweets (with some code-
switching). The fact that it still captured signals of dangerous speech in English tweets could imply
that diaspora and international echo chambers were actively participating in the discourse in English,
translating or amplifying messages that might also exist in other languages. This is supported by the
presence of transliterated terms (like “agame”) in my English dataset, indicating cross-language pol-
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lination of hate terms. Therefore, my findings, while focused on English content, likely reflect the
broader trends of the conflict’s propaganda war. In practice, this means my model (if extended to other
languages or if similar models are built for Amharic) could be a component of an early warning system.

Finally, comparing the results to initial expectations, I had hypothesized that combining social
science taxonomy with NLP would yield a nuanced classifier. The empirical results of the model some-
what support this hypothesis. The model demonstrates that these social-science informed constructs
are not only conceptually sound but computationally learnable.

Such model detection is exactly what is needed for interventions. For example, if a surge in Direct
Advocacy posts is detected, that is a red flag of imminent violence that authorities or platforms could
respond to immediately (it’s a stronger signal than just an uptick in hate speech in general). Likewise,
sharp increases in Pathologization or Verminization which are categories historically associated with
genocidal intent, may indicate escalating dehumanization rhetoric that precedes mass violence, as doc-
umented in Rwanda, Myanmar, and Nazi Germany. Each category’s presence and trends could also be
interpreted such that an increase in Justification posts might indicate that atrocities have occurred and
perpetrators are trying to justify them publicly, whereas an increase in Accusation in a Mirror might
precede an offensive as propagandists lay groundwork. The ability to track these categories separately
offers a level of situational awareness that binary hate speech systems cannot provide.

In summary, the findings bridge a gap between qualitative conflict analysis and quantitative au-
tomated monitoring. The findings reinforce the notion that hateful and inciting language online can be
systematically identified and that doing so with fine-grained categories yields richer information than
a binary hate/not-hate approach. This lays the groundwork not only for improved computational sys-
tems but also for early-warning frameworks, platform governance, and policy interventions informed
by real-time dangerous speech signals.
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4.2 Data Analysis: Study II

The second phase of this multi-modal research included a survey designed to gauge how members of the
Tigrayan diaspora interpret and react to online messages containing violent or dehumanizing rhetoric
as classified by the model. The study examined how Tigrayan Americans emotionally and cognitively
respond to hate speech tweets that were automatically flagged by the supervised ML classifier. The
questionnaire presented participants with a series of tweets containing threats, insults and calls for
violence (Appendix E). After each tweet, respondents rate the content on multiple dimensions using a
five-point Likert scale (1 = Not at all, 5 = Extremely).

Data from 30 Tigrayan-American participants was analyzed. Each respondent rated 10 distinct
tweets on 14 items that were among tweets that were correctly classified by the supervised ML model.
In addition to perceptions of threat and violence, the survey measured discrete emotions (anger, fear
and disgust) and behavioral intentions such as whether a participant would like/share the tweet, report
or block the user, or ignore further similar content. The analysis synthesizes the quantitative results

into a coherent picture of how hate speech messages are perceived and how they motivate behavior.

4.2.1 Methods: Study II

Conducting research on hate speech especially involving human participants required a careful ethical
framing. From the outset, I was cognizant that exposure to graphic or dehumanizing content could
cause harm or distress to participants. Prior studies have confirmed that encountering hateful material
can negatively impact individuals’ psychological well-being (Madriaza et al. (2025)). For example,
a recent systematic review found that exposure to hate messages correlates with increased feelings of

depression, reduced life satisfaction, and heightened social fear among those exposed (Madriaza et
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al. (2025)). In light of such evidence, I took concrete steps to minimize harm in Study II (involving
human subjects). Participants were thoroughly briefed about the sensitive nature of the materials and
gave informed consent, acknowledging potential risks.

To recruit Tigrayan-American participants for the survey component of the study, I employed a
snowball sampling approach. This method, often used in studies involving hard-to-reach or vulnerable
populations, begins with a small number of known individuals who meet the study criteria and then
relies on their social networks to identify and recruit additional participants (Goodman (1961)). Given
the sensitivity of the topic (exposure to ethnic hate speech and incitement), snowball sampling provided
a secure and trust-based mechanism for reaching participants who might otherwise be hesitant to engage
with formal recruitment strategies. It is particularly appropriate in research dealing with stigmatized
experiences or politically fraught contexts, where confidentiality and community trust are paramount
(Atkinson and Flint (2001); Biernacki and Waldorf (1981)). I initiated recruitment through personal
contacts within the Tigrayan diaspora in the United States and invited them to share the study with
others in their networks, facilitating access to participants who shared ethnic identity and contextual
knowledge relevant to the conflict.

Additionally, participants had the right to skip any question or withdraw at any time without
penalty. I also arranged debriefing resources: after the sessions, participants were provided with infor-
mation about counseling services and encouraged to reach out if they experienced lingering distress.
These precautions were part of an Institutional Review Board (IRB) approved protocol. The IRB ap-
proval (which can be found in Appendix F) indicates that the study’s design met the ethical standards
for research with human subjects, including respect for persons, beneficence, and justice (National
Commission for the Protection of Human Subjects of Biomedical and Behavioral Research (1979)).

I remained vigilant that, by studying hate speech, I do not inadvertently amplify it. All hateful
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examples in the dissertation are presented with context and solely for analytical purposes, avoiding
gratuitous reproduction of slurs. Moreover, I reflexively acknowledge my own positionality and emo-
tional well-being during the research process, since prolonged engagement with toxic content can affect
researchers too. By outlining these considerations, I frame the research within an ethical context that
prioritizes “do no harm.” This framing not only complies with academic standards and peer-reviewed
recommendations for hate speech research (Madriaza et al. (2025)), but it also lends credibility to the

findings; readers can trust that the data were collected in a responsible, ethically sound manner.

4.2.1.1 Construct Definitions

The 14 questionnaire items were grouped into eight constructs to capture different facets of respon-
dents’ reactions. The first five constructs represent perceptions and emotions; the last three describe
behavioral intentions in response to the tweets. Table 4.4 summarizes the constructs and their corre-

sponding items.

4.2.1.2 Descriptive Statistics

Responses were on a 1 to 5 numerical scale (1 =Not at all, 5 = Extremely). For constructs with multiple
items (Anger, Fear and Disgust), the mean of the relevant items was computed for each respondent-
tweet combination. Table 4.5 summarizes the distribution of scores for each construct.

Table 4.5 illustrates a striking pattern such that perceived threat, perceived violence and the three
negative emotions (disgust, fear and anger) all cluster near the top of the scale. Median scores for
Anger, Disgust, Threat and Violence are the maximum value (5.00), indicating that participants judged

nearly all tweets to be extremely threatening, violent and angering. Fear ratings are high but display
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Construct

Associated Items

Description

Perceived Threat

How threatening do you find the
tweet below?

Cognitive appraisal of how much
the content suggests harm or dan-
ger.

Perceived Violence

How violent do you find this tweet?

Perception of explicit or implicit vi-
olence contained in the message.

Anger

I felt angry after reading the
speech.; The speech made me feel
outraged.; I felt a strong dislike or
resentment as a result of the speech.

Captures hostile, resentful, and out-
raged feelings elicited by the tweet.

Fear

I felt scared after reading the
speech.; The speech made me feel
anxious about the safety of myself
or others.; I felt a sense of dread due
to the content of the speech.

Measures anxiety and apprehension
about personal or collective safety.

Disgust

I felt disgusted by the speech.; The
speech content was repulsive to
me.; | felt a strong aversion to the
ideas expressed in the speech.

Assesses moral revulsion and aver-
sion toward the ideas expressed.

Engagement Behav-
ior

I would like, share, or comment on
this tweet.

Intention to engage positively with
the content (e.g., endorse or am-

plify).

Protective Behavior

I would report this tweet or block
the user.

Intention to take protective action
by reporting or blocking the content
creator.

Withdrawal Behav-
ior

I would ignore or avoid further
tweets of similar nature.

Intention to withdraw from or avoid
exposure to similar content.

Table 4.4: Survey Constructs Used and Associated Items
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Construct Mean Std. dev  25th Percentile Median 75th Percentile

Anger 4.34 1.12 4.00 5.00 5.00
Fear 4.05 1.43 3.00 5.00 5.00
Disgust 4.38 1.06 4.00 5.00 5.00
Perceived Threat 4.35 1.11 4.00 5.00 5.00
Perceived Violence 4.38 1.07 4.00 5.00 5.00
Engagement Behavior 1.27 0.77 1.00 1.00 1.00
Protective Behavior 4.01 1.30 3.00 5.00 5.00
Withdrawal Behavior 3.80 1.48 3.00 5.00 5.00

Table 4.5: Distribution of Scores per Construct

more variability (median = 5.00 but a broader inter-quartile range).

In contrast, Engagement Behavior has a mean of 1.27 and a median of 1.00. Respondents over-
whelmingly rejected the idea of liking, sharing or commenting on these tweets. Protective and With-
drawal Behaviors show averages around 4, suggesting that most participants are inclined to report/block
the sender and avoid similar content.

Figure 4.6 displays a heat-map of mean ratings for each tweet (rows) across the eight constructs
(columns). Darker colors indicate higher scores.

Several themes emerge from this matrix. First, extremely violent statements elicit uniform con-
demnation. The tweet that labels Tigrayans as “agame roaches” and advocates shooting them (class=DA)
received ratings of 4.8-5.0 across Anger, Fear, Disgust, Threat and Violence. Similarly, the message
suggesting that Afars and Amhara’s are “cleaning” their region from ‘“agame roaches” (an example of
Pathologization) provokes high scores on all negative constructs and strong protective and withdrawal
intentions. These messages generate the strongest sense of threat and violence while leaving no room
for positive engagement.

Second, medical/Pathologization metaphors evoke high but slightly lower reactions. Tweets
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Average ratings per stimulus and construct

5.0

@USER Kulkalam agame go intimate with... 113

4.5

@USER YES operating on cancer cutting... 1.40

@USER Yes that's who they are Agame... 1.40

4.0

Afars are in Tigray as we speak and... 1.63

3.5

E Motice how she couldn't hide her... 110
g - - 3.0
= TPLF is a shell. Inside the shell... 113
The sender and the courier will scon... 1.20 -25
You all have been in power and you... 1.10 20

[USER]Eritrean troops was invited by...
-15
agame roaches, Internment Camps Are...

k!
]
o

Anger

Perceived Threat
Perceived Violence
Protective Behavior

Engagement Behavior -
Withdrawal Behavior

Construct

Figure 4.6: Patterns Across Tweets and Constructs

comparing Tigrayan fighters to a cancer to be cut out still elicit anger and disgust means above 4.3
but receive marginally lower fear and protective behavior scores. Participants view these statements
as hateful yet not as imminently violent as explicit calls to shoot (direct advocacy). Third, insults
with ambiguous threat yield lower fear. Messages such as “Kulkalam agame go intimate with ur arid
land and cactus tree” (EAT) and “The sender and the courier will soon be sent to hell” (TSC) pro-
duce anger means around 3.9 - 4.0 and fear means closer to 3.8. Respondents still perceive these as
derogatory but less physically dangerous, resulting in slightly lower protective and withdrawal inten-
tions. These are tweets groups under Economic Anti-Tigrayanism and Target-Sympathizer conflation
respectively. And lastly, behavioral intentions mirror emotional intensity. The patterns in Protective
and Withdrawal Behaviors largely follow those of Anger and Disgust. Tweets rated as most threaten-
ing induce the strongest intention to report or block the user and to avoid similar content. Conversely,
Engagement Behavior remains uniformly low across all stimuli, with means hovering around 1.1-1.6.

Even comparatively “mild” insults do not motivate participants to engage positively with the tweet or
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share it.

For anger, the most extreme tweets “Afars are in Tigray as I speak and Amhara militias are
cleaning their region from agame roaches. Soon I will be coming back. And 3 forces will be looting
Mekelle to the ground.” and “agame roaches, Internment Camps Are Waste of Resources: Just Shoot
Them” generate mean anger ratings above 4.7, whereas the least provocative message (“@USER Kul-
kalam agame go intimate with ur arid land and cactus tree.”) averages around 3.9. This shows that
Pathologization and Direct Advocacy tweets were classified as more angering than Economic Anti-
Tigrayanism (EAT).

While fear ratings show greater dispersion with several tweets clustering near 4.0, the most threat-
ening message of “shoot them” which is direct advocacy exceed 4.8. Disgust ratings are uniformly high,
with even milder insults averaging around 4.0 but the direct advocacy tweet and Pathologization tweets
got higher disgust reactions.

Perceived threat closely tracks anger and disgust, reaching its maximum for genocidal rhetoric
and declining only slightly for insults without explicit violence. Perceived violence mirrors the threat
pattern, but shows that statements involving physical harm (e.g. shooting or looting) are considered
slightly more violent than metaphorical insults. All tweets score near the lowest possible value on
intentions to like/share/comment (engagement behavior), underscoring participants’ blanket refusal to
amplify hateful content. Intentions to report or block the sender are highest for the most violent mes-
sages but remain relatively high (= 3.5-4.5) even for less extreme insults. Mean withdrawal intentions
vary between 2.9 and 4.3, indicating that participants generally choose to avoid further exposure, with
the strongest avoidance corresponding to the most threatening tweets.

To check if the constructs are correlated to each other, I conducted correlations between con-
structs using respondent—tweet averages, as can be seen in Figure 4.7.
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Correlation matrix of all constructs
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Figure 4.7: Correlations Among Constructs Used in the Survey

Anger, Fear and Disgust correlate moderately to strongly (r ~ 0.46-0.48), indicating that respon-
dents often experience these emotions together when confronted with hate speech. Anger and Disgust
exhibit the strongest link (r ~ 0.48).

Protective and withdrawal behaviors relate to negative emotions. Protective Behavior correlates
positively with Anger, Fear and Disgust (r ~ 0.30-0.35), while Withdrawal Behavior shows slightly
lower but still positive associations. These relationships could imply that stronger emotional reactions
motivate both types of defensive action.

Engagement behavior is inversely related to negative reactions. Engagement Behavior displays
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Category Anger Fear  Disgust Perceived  Perceived Engagement  Protective Withdrawal

Threat Violence Behaviors Behaviors Behaviors
DA (Direct Ad- 4.84 4.53 491 5.00 5.00 1.20 4.37 4.13
vocacy)
Verminization 444 4.29 4.38 4.23 4.13 1.13 3.93 3.87
Pathologization 4.50 4.12 4.79 4.10 4.80 1.63 4.43 3.65
Disloyalty 4.39 3.99 4.29 4.33 4.57 1.10 3.77 4.04
Justification 4.11 3.87 4.24 4.50 4.20 1.40 4.20 3.77
TSC (Target—  3.93 3.82 4.13 3.80 4.03 1.20 3.53 3.93
Sympathizer
Conflation)
EAT (Eco- 393 3.73 4.18 3.97 3.80 1.13 3.60 2.90
nomic Anti-
Tigrayanism)

Table 4.6: Emotional and Behavioral Responses by Class

near-zero or slightly negative correlations with all other constructs. This demonstrates that respondents
who feel angrier, more fearful or more disgusted are less likely to engage positively with the tweet.
Positive engagement with genocidal speech is virtually nonexistent in this sample.

To assess whether the model’s categories align with how people actually respond to hate speech,
average ratings from the survey were computed for each category and construct. Table 4.6 summarizes
the mean scores (1-5 scale) across the eight constructs defined earlier.

Table 4.6 indicates that Direct Advocacy (DA) evokes the strongest reactions. The tweets calling
for shooting Tigrayans scores at or near the maximum on Anger, Disgust, Perceived Threat and Vio-
lence, and elicits the highest protective and withdrawal intentions. The near-zero Engagement score
underscores that participants unequivocally reject such exhortations. The model’s classification of this
tweet as Direct Advocacy is thus validated by participants’ intense cognitive, emotional and behavioral
responses.

Pathologization and Verminization provoke similar negativity. Comparing TPLF to a cancer
or to lice triggers high anger, disgust and threat perceptions (means ~ 4.5-4.8) and strong protective
actions. Although the semi-supervised model treats these as separate classes, respondents react to

both with comparable severity. This suggests that models might consider merging Pathologization
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and Verminization into a broader “dehumanization” category when the goal is to predict psychological
impact.

Disloyalty and Justification elicit moderate but still elevated responses. Tweets accusing Tigrayans
of betrayal or attempting to rationalize violence produce slightly lower fear (= 3.9-4.0) yet still high
anger and disgust (= 4.1-4.4). Protective and withdrawal behaviors remain elevated. The model cor-
rectly distinguishes these subtler narratives from direct calls to violence, but their real-world impact
remains harmful.

Economic Anti-Tigrayanism is relatively less threatening. The sarcastic insult about “arid land
and cactus tree” receives the lowest ratings across most constructs (Anger ~ 3.9, Fear ~ 3.7) and the
lowest withdrawal intention (2.90). Participants perceive it as offensive but less dangerous. If the
model treats such insults as a distinct class, it may be appropriate to assign them a lower priority for
moderation.

Target Sympathizer Conflation sits between categories. The tweet threatening to send “the sender
and courier to hell” evokes moderate anger (3.93) and moderate threat perceptions (3.80). This suggests
that conflating sympathizers with traitors is perceived as harmful but not as virulent as direct advocacy.

Models should recognize these hybrid forms but may need separate training data to distinguish them.

4.2.1.3 Repeated Measures ANOVA

Using a repeated-measures approach, each participant’s ratings for a given construct were averaged
within category and then analyzed across categories using AnovaRM from statsmodels. This accounts
for the fact that the same respondents provided ratings across all hate speech categories.

Direct Advocacy and dehumanization categories provoke the strongest emotional and cognitive
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reactions, while Economic Anti-Tigrayanism and Target Sympathizer Conflation elicit the weakest.
These findings reinforce the robustness of the category effects and suggest that the observed differences
are not driven by a few particularly reactive individuals but are consistent across the sample.

To see how anger, disgust, fear, etc. vary between specific hate speech types such as Verminiza-
tion versus direct advocacy or Pathologization versus disloyalty, I examined the post-hoc pairwise
comparisons and the tables of mean differences. That is, to identify specifically which categories dif-
fered after the repeated-measures ANOVA, I performed a series of post-hoc analyses tailored to the
within-subject nature of the data. Below is an overview of the methodology, findings and their impli-
cations.

Because every respondent rated every hate speech category, the appropriate post-hoc comparison
is a paired (within-subject) t-test rather than an independent sample test. For each construct, [ averaged
each participant’s ratings for each category, then computed all pairwise differences (21 pairs) between
categories. To control the family-wise error rate, i.e. the chance of flagging a difference as significant
merely by chance, I applied the Holm correction, a step-wise method that is less conservative than
Bonferroni yet maintains control over Type-I error. This approach ensures that the reported significant
differences are not spurious while retaining power to detect real effects.

Table 4.7 lists category pairs with adjusted p-values < 0.05 after the Holm correction, along with
the mean difference (first category minus second). Positive differences indicate that the first category
elicited a higher rating.

Anger

Direct Advocacy tweets produced the strongest anger exceeding all other categories. These
tweets did not simply look more “hateful” in abstract terms, they provoked intense self-reported anger

across participants, significantly higher than many other categories. By contrast, Economic Anti-
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Tigrayanism and more abstract justification tweets evoked markedly lower anger. This pattern aligns
with the theory that metaphors that portray a group as vermin, disease or an existential threat are espe-
cially powerful triggers of moral outrage.

Disgust

The repeated-measures ANOVA revealed highly significant differences in disgust ratings across
categories (F ~ 8.54, p ~ 3.9x10~®). Direct Advocacy tweets produced the strongest disgust (mean
4.91), significantly exceeding all other categories. Pathologization and Verminization followed closely;
participants reacted almost as disgustedly to metaphors likening Tigrayans to disease or vermin as
they did to calls for extermination. Disgust was moderately high for Disloyalty and Justification but
significantly lower for Economic Anti-Tigrayanism and Target Sympathizer Conflation, which elicited
the least revulsion. The pattern underscores that dehumanizing metaphors are perceived as morally
repulsive, even when they stop short of explicit violence. Moreover, collapsing Pathologization and
Verminization into a single “dehumanisation” class may reflect participants’ indistinguishable disgust
responses.

Fear

Although fear ratings varied significantly across categories (F ~ 5.21, p ~ 5.9x107°), the dif-
ferences were smaller than for anger or disgust. Direct Advocacy still elicited the highest fear (mean
4.53), but the gap between this and other categories was narrower. Economic Anti-Tigrayanism was
rated lowest (mean 3.73), and fear for Verminization, Pathologization, Disloyalty and Justification fell
between 3.9 and 4.3. Only a handful of pairwise contrasts remained significant after correction, such as
direct advocacy vs. economic insults and vs. target sympathizer conflation. This suggests that respon-
dents see genocidal rhetoric as morally outrageous and threatening, but not necessarily as an immediate

personal danger, differentiating fear from cognitive appraisals of threat. Automated systems should not
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equate fear with threat perceptions and might consider modeling personal fear separately from other
harm indicators.

Perceived Threat

Perceived threat showed robust category effects (F ~ 5.04, p ~ 8.6x107°). Direct Advocacy
scored at the ceiling (mean 5.00), indicating that exhortations to “shoot” or “exterminate” are seen
as maximally threatening. Pathologization and Verminization provoked similarly high threat (~4.3
- 4.5), while Disloyalty and Justification were moderate (4.3 - 4.5). Economic insults and Target
Sympathizer Conflation were perceived as least threatening (=3.8 - 4.0). Post-hoc tests showed that
direct advocacy was significantly more threatening than all other categories and that economic in-
sults were significantly less threatening than several mid and high-level classes. These findings affirm
the model’s severity ordering and suggest that perceived threat is driven more by the explicitness of
violence or dehumanization than by sarcasm or betrayal. I argue that for moderators, content that
maximizes perceived threat merits the highest priority for removal

Perceived Violence

Perceived violence differed strongly across categories (F ~ 6.13, p ~ 7.5x107°). Direct Advo-
cacy again topped the scale (mean 5.00), while Pathologization was only slightly lower (/<4.77). Ver-
minization and Disloyalty occupied a middle tier (=4.1- 4.6), Economic Anti-Tigrayanism was rated
least violent (=3.80). Significance patterns resembled those for threat: direct advocacy vs. economic
insults and vs. target sympathizer conflation differences were large and highly significant. The mod-
erate correlation between perceived threat and violence (r~0.28) and the small mean difference could
suggest that participants conceptually distinguish violence and threat but often rate them similarly.
Models could therefore treat these constructs as distinct but closely linked dimensions of perceived

harm.
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Protective, Withdrawal and Engagement Behaviors

Intentions to report/block a tweet (protective behavior) and to avoid similar content (withdrawal
behavior) varied modestly but significantly across categories (F ~ 3.11, p ~ 6.4x1073; F ~ 3.95,
p ~ 9.9x10~%). Participants were most willing to take protective or withdrawal actions against Direct
Advocacy and Pathologization tweets and least likely to do so for Economic insults. Differences among
the remaining categories were smaller and often non-significant, suggesting that once content crosses
a certain harm threshold, respondents uniformly favor protective behaviors. Engagement behavior
(liking/sharing) was uniformly low across all categories but showed a borderline significant effect in
the repeated-measures ANOVA (F ~ 2.19, p =~ 0.046), indicating slightly higher (though still very
low) engagement with Pathologization compared to Verminization. This reinforces the observation
that participants reject hate speech content regardless of type and underscores the impracticality of

models attempting to predict positive engagement with such messages.

4.2.2 Summary: Study 2

Direct Advocacy is uniformly the most extreme. It scores significantly higher than almost every other
category across anger, disgust, fear, perceived threat and violence, often by large margins (> 0.70 on
a 1-5 scale). This underscores the psychological severity of explicit calls to violence.
Dehumanization categories (Pathologization and Verminization) occupy an intermediate but still
high tier. Pathologization is significantly more angering and disgusting than target sympathizer con-
flations and economic insults. Verminization also differs from economic insults on anger and fear. The
similarity of their profiles suggests these two classes could be merged for practical purposes.

Economic insults are consistently the least harmful. These tweets evoked lower anger, disgust
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and withdrawal, pointing to a distinct psychological footprint.

Justification and disloyalty occupy a middle ground. Disloyalty is more angering than economic
insults and target sympathizer conflation, and justificatory rhetoric is less angering and disgusting than
Pathologization. However, justification still yields relatively high perceived threat and violence.

Behavioral intentions respond to category differences. Protective behavior (reporting/blocking)
is higher for Pathologization than for Verminization, while withdrawal (avoiding content) is notably
higher for disloyalty compared to economic insults. Engagement (liking/sharing) shows little variation
and is low across all constructs.

These post-hoc results reinforce and refine the conclusions drawn from the ANOVA: explicit
advocacy of violence stands apart in its impact, dehumanizing metaphors (Verminization, Pathologiza-
tion) are nearly as harmful, and economic insults lie at the bottom. By quantifying the magnitude of
differences and adjusting for multiple comparisons, the analysis provides a robust empirical basis for
prioritizing content moderation and model calibration.

These construct-specific findings illuminate how different facets of harm vary across hate speech
categories. They support the supervised model’s broad taxonomy while suggesting refinements. De-
humanization (including Pathologization and Verminization) and direct advocacy should be treated as
high-priority classes, given their strong effects on disgust, threat and violence perceptions. Fear re-
sponses warrant separate consideration because they are less extreme and do not align perfectly with
cognitive appraisals. Behavioral intentions reveal practical outcomes: categories that elicit high pro-
tective and withdrawal responses are those that most compel users to report or avoid content, guiding
prioritization for moderation.

In sum, this survey demonstrates that hate speech tweets directed at Tigrayans elicit intense neg-

ative emotions, are seen as highly threatening and violent, and motivate strong defensive behaviors.
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Participants almost never express a desire to engage with these tweets, opting instead to report, block
or avoid the content. The strong relationships among perceived threat, perceived violence and the emo-
tions of anger, fear and disgust underscore the importance of addressing genocidal rhetoric promptly.
Incorporating human emotional feedback into Al-based moderation systems could enhance their ability

to identify and mitigate harmful content, thereby better protecting vulnerable communities.
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Construct

Pair (Categoryl - Category2)

Mean difference

Significance (Holm)

Anger

Disgust

Fear

Perceived Threat

Perceived Violence

Engagement Behavior

Withdrawal Behavior

Direct Advocacy — EAT

Direct Advocacy — TSC

Direct Advocacy — Justification
Direct Advocacy — Pathologization
Direct Advocacy — Disloyalty
Pathologization — TSC

EAT — Pathologization
Disloyalty — EAT

Justification — Pathologization
EAT - Verminization

Disloyalty — TSC

TSC — Verminization

Direct Advocacy — Verminization

Direct Advocacy — Disloyalty
Direct Advocacy — TSC

Direct Advocacy — EAT

Disloyalty — Pathologization
Direct Advocacy — Justification
Pathologization — TSC

Direct Advocacy — Pathologization
EAT — Pathologization

Direct Advocacy — Verminization

Direct Advocacy — EAT

EAT — Verminization

Direct Advocacy — Justification
Direct Advocacy — TSC

Direct Advocacy — Disloyalty

Direct Advocacy — EAT

Direct Advocacy — Disloyalty
Direct Advocacy — Pathologization
Direct Advocacy — TSC

Direct Advocacy — Verminization

Direct Advocacy — EAT

EAT — Pathologization

Direct Advocacy — Disloyalty
Direct Advocacy — TSC
Pathologization — TSC

Direct Advocacy — Verminization
Direct Advocacy — Justification

Pathologization — Verminization

Disloyalty — Economic Anti-Tigrayanism

+0.91
+0.91
+0.73
+0.34
+0.45
+0.57
-0.57
+0.46
-0.39
-0.51
+0.46
-0.51
+0.40

+0.69
+0.78
+0.73
-0.40
+0.67
+0.49
+0.29
-0.44
+0.53

+0.80
-0.56
+0.67
+0.71
+0.57

+1.03
+0.54
+0.70
+1.20
+0.77

+1.20
-0.97
+0.63
+0.97
+0.73
+0.87
+0.80

+0.38

+1.14

p~8.6x1077
pr1.1x107°
pr3.9x107°
pr4.1x107°
p~1.3x107*
p~ 299 x 1074
p~3.48 x 1074
pr8.4x1073
pr9.0x 1073
p~1.2x 1072
pr1.4x1072
p~ 2.7 x 1072
p R 3.5 x 1072

pr2.1x107°
pr4.9x107°
p~1.98 x 1074
pr4.9x1073
p~5.3x1073
prT.7x1073
prT79x1073
p~1.0x 1072
p R 2.5 x 1072

p~6.7x1074
p~58x1073
p~1.8x 1072
p R 4.6 x 1072
p~4.9x 1072

pr1.4x1073
prR2.2x1073
pr2.2x 1073
pr2.2 %1073
p~2.5x 1072

pr2.0x107°
pr 1.3 x1074
p~3.6x107*
p~1.8x 1072
pr 1.9 x 1072
pr 2.1 x 1072
p 2.6 x 1072

p~ 4.6 x 1072

pr 1.2 x 1072

Table 4.7: Pairwise Comparisons of Constructs Across Hate Speech Categories. Mean

Differences and Holm-Corrected p-values are Reported.



Chapter 5: Discussion

5.1 Advancing Theory

This study draws heavily on Gregory Gordon’s “incitement to genocide” framework, and my empirical
work demonstrates that key aspects of his theory can be operationalized and reliably identified. Gordon
identifies several rhetorical forms such as verminization, pathologization, demonization, direct advo-
cacy, accusation in a mirror, justification, praising past violence, and target sympathizer conflation that
function as incitement techniques. In my annotated corpus, I implemented these categories as distinct
labels and trained a classifier to detect them in Tigray war tweets. The supervised model’s strong per-
formance on categories like direct advocacy and dehumanization (verminization and pathologization)
indicates that these rhetorical patterns are linguistically cohesive. For example, the classifier effec-
tively identified tweets comparing Tigrayans to animals or diseases, aligning with Gordon’s argument
that such comparisons portray victims as beings “whose extermination would be considered normal and
desirable” (Gordon (2017)). My survey results further support this finding: respondents consistently
rated dehumanizing (pathologization and verminization) and direct advocacy tweets as highly threat-
ening and morally outrageous, which reflects Gordon’s claim that dehumanization lowers the moral
threshold for genocide. In this sense, the study shows that core components of Gordon’s framework
can be successfully implemented and detected in both ML models and human judgments.

My findings also extend the theory by quantifying the relative impact of less studied categories.
For example, Target sympathizer conflation in the survey findings showed that it can evoke some
levels of anger and disgust and modest protective behavior. Gordon mentions that target-sympathizer
conflation can lead to violence against moderates during genocide. But there has been little empirical

work on how audiences perceive such messages. My survey shows that while these tweets do harm,
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their emotional impact tends to be lower than that of dehumanization or direct advocacy, suggesting
a continuum of danger rather than a binary. Similarly, justification rhetoric, where genocidal acts are
defended as necessary or humane elicited only moderate outrage in my sample; this indicates that
justification may be more effective at sustaining violence among already radicalized audiences than
at inciting new perpetrators. By measuring these differences, I extend Gordon’s taxonomy from a
qualitative list to a quantitative hierarchy of harm.

There are also aspects where my results challenge or refine the theory. First, the classifier fre-
quently confused pathologization and verminization, and the survey responses to both were indistin-
guishable. This suggests that audiences do not perceive diseases and vermin metaphors as qualitatively
distinct; merging them into a single “dehumanization” class may better reflect psychological reality.

Second, participants reported high anger and disgust but relatively low fear in response to all
categories, including direct advocacy. Because respondents belong to the targeted group (Tigrayans),
their reactions reflect how out-group hate speech is perceived by victims. In this context, the strong
anger and disgust scores paired with relatively low fear point to a response pattern more consistent
with moral outrage and dehumanization than with acute fear or terror. Victims predominantly feel
anger, disgust, and moral outrage, highlighting that the emotional impact is often about indignity and
injustice rather than simple fear (Giner-Sorolla and Russell (2019); Saha et al. (2019)). Dehumanizing
metaphors whether likening people to vermin or disease epitomize this injustice by casting victims
outside the bounds of humanity, and victims consistently perceive such language as equally damaging
in its denial of their dignity (Bandura (1999); Gordon (2017)). The repercussions of hate speech also
permeate the social realm: it erodes trust between groups, undermines solidarity within the targeted
community, and weakens the victimized group’s cohesive identity (Staub (1989)). Over time, individ-
uals subjected to hate speech may grapple with alienation, shame, and fragmentation of their social ties,
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as well as serious psychological strain analogous to trauma (Pascoe and Smart Richman (2000); Saha
etal. (2019)). Thus, the emotional response profile observed here suggests that hateful content directed
at Tigrayans may primarily trigger moral condemnation, disgust-based revulsion, and anger-based in-
dignation, rather than existential fear. From a theoretical standpoint, this implies that incitement in this
context may operate less by instilling fear in the target group, and more by mobilizing moral emotions,
stigmatization, and dehumanization potentially weakening social solidarity, increasing alienation, and
justifying exclusion or violence. These insights complement and challenge incitement-focused theo-
ries, which often center on bystanders or perpetrators; by focusing on victims, we see that the harm
in hate speech is as much inward and cumulative as it is outward and contagious (Benesch (2012);
Leader Maynard and Benesch (2016)).

Third, the model struggled to identify euphemisms and coded language such as Other category
(which had justification and praising past violence) and this is probably because of the limited number
of tweets labeled and that these phrases require contextual/historical knowledge. This limitation sug-
gests that Gordon’s emphasis on euphemism is theoretically sound but computationally challenging;
more contextual and pragmatic features are necessary to detect coded incitement. Finally, my attempt
to extend the classifier to Amharic and Tigrinya tweets yielded poor performance due to lack of an-
notated data, and could signal that theories derived from English-language examples may not transfer
seamlessly across languages or that it would need further refinment per nation/region it is applied to.

I also extend his framework by adding labels for Disloyalty and Economic Anti-Tigrayanism.
While these labeles do not directly fall within the iincitement techniques he had listed, they were labels
that emerged from looking at the tweets and discourse surrounding the Tigray war. By incorporat-
ing these labels, my taxonomy becomes more sensitive to the subtle, pre-violence conditions under
which mass atrocities often germinate: delegitimization, scapegoating, internal-enemy framing, and
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perceived economic threat. This extension retains Gordon’s legal-scholarly framework, which empha-
sizes that incitement can take many forms beyond overt calls for killing but adapts it to the complex
realities of modern ethnic conflict, resource competition, and identity-based tension.

By translating Gordon’s incitement categories into machine-learning labels and testing them on
real-world data, I was able to cooroborate the salience of dehumanization and direct advocacy, ex-
tend the framework with empirical measures of other categories (like disloyalty and Economic Anti-
Tigrayanism) and identify areas where the theory may require refinement, such as collapsing dehu-
manization subtypes (pathologization, verminazation, demonization) in to one larger category. These
findings not only bolster the theoretical understanding of genocidal rhetoric but also inform the devel-
opment of more nuanced hate speech detection systems.

In sum, empirically, my research builds directly on Gregory Gordon’s incitement-to-genocide
framework and translates his legal categories into an empirical study of online hate. By collecting and
annotating Tigray-war tweets into these categories, I operationalized his theory for ML. The supervised
model learned to identify these patterns with good precision, and the confusion matrices showed that
dehumanizing metaphors are linguistically cohesive. These results support Gordon’s claim that certain
metaphors are hallmarks of genocidal speech and demonstrate that they can be detected at scale.

My work also extends Gordon (2017) theory by quantifying the psychological impact of each
incitement technique category through survey data. Participants rated direct advocacy and dehuman-
izing tweets as particularly angering, disgusting, and threatening, suggesting that these types of speech
are perceived as especially severe and may warrant higher prioritization in monitoring frameworks.
However, the study also highlights the importance of detecting less extreme rhetorical forms. For
instance, target-sympathizer conflation which is a tactic Gordon identifies as part of the broader in-

citement landscape whereby moderates are labeled as traitors and subjected to violence, elicited lower
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emotional responses than direct advocacy but higher than economic insults, placing it in a mid-range
zone of harm. This suggests a continuum of rhetorical severity rather than a binary threshold, with
implications for early detection. In Gordon’s taxonomy, such rhetoric may not rise to the level of
incitement per sé but can be situated within “abetting” or “instigation” categories, where speech fa-
cilitates or encourages atrocities indirectly (Gordon (2017)). Recognizing and flagging these subtler
expressions is crucial because genocidal violence rarely begins with overt calls for killing; instead,
it typically escalates through a sequence of legitimizing narratives and social conditioning (Benesch
(2012); Leader Maynard and Benesch (2016)). Therefore, identifying early-stage categories such as
target-sympathizer conflation or economic scapegoating supports preventative strategies aimed at dis-
rupting the rhetorical lead-up to mass atrocity.

By bridging social-psychological theory, international criminal law and computational linguis-
tics, my dissertation makes three contributions to hate speech scholarship. It demonstrates that Gor-
don’s incitement categories have measurable linguistic signatures; it extends the framework by ranking
categories by harm and proposing refinements (such as collapsing dehumanization subtypes and adding
“economic insult” as a lower-severity class); and it also highlights the need for more context-sensitive

studies and multilingual models to capture the full spectrum of dangerous speech.

5.2 Validation of Supervised Model

By eliciting ratings for representative tweets across seven categories of hate speech, I aimed not only
to describe participants’ responses but also to test and critique the supervised model trained to classify
genocidal speech. Several key themes emerged.

First, not all hate speech elicits the same level of harm. The analyses consistently showed that
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explicit advocacy of violence, tweets that unambiguously call for extermination, drew the most intense
anger, disgust, fear and appraisals of threat and violence. Dehumanizing metaphors (pathologization
and verminization) followed closely. Disloyalty accusations and justificatory rhetoric occupied a mid-
dle ground, while economic insults and target sympathizer conflations elicited the least severe reac-
tions. These gradations matter, they suggest that Tigrayan respondents are sensitive not only to whether
speech is hateful, but to how it is hateful, whether it pathologizes a group, accuses it of betrayal, justifies
violence or calls for violence outright.

The supervised HateBERT model used the same taxonomic labels (verminization, pathologiza-
tion, demonization, economic scapegoating, etc.). Dehumanizing metaphors like “roaches” and “can-
cer” feature prominently in the literature on dangerous speech because they move audiences to view
mass violence as necessary. The survey therefore supports the classifier’s emphasis on these categories
- reducing false negatives in such classes is critical, whereas false negatives in economic scapegoating
or disloyalty (rated around 4.0) have lower immediate risk.

Second, different psychological constructs reveal distinct nuances. Anger and disgust tracked
closely with each other and with perceived threat and violence, indicating that moral indignation and
appraisals of danger rise together in response to dehumanizing language. Fear was lower overall and
varied less between categories, suggesting that respondents often view online hate speech as repre-
hensible but not necessarily as posing an immediate personal danger. Behavioral intentions further
distinguish the categories: protective and withdrawal actions were more common for the most extreme
and dehumanizing tweets, while engagement intentions (liking, sharing or commenting) remained uni-
formly near the floor across all categories. These patterns underscore the importance of measuring
multiple dimensions of harm rather than assuming a single continuum.

Third, the survey findings both support and challenge the supervised model. On the one hand, the
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model’s taxonomy broadly aligns with participants’ perceptions: tweets labelled as “Direct Advocacy”
and “Pathologization” were indeed viewed as most harmful, while “Economic Anti-Tigrayanism” and
“Target Sympathizer Conflation” were seen as relatively milder. This correspondence suggests that the
lexical and thematic cues captured by the model have psychological validity. On the other hand, the
model does not currently account for the severity of harm within categories. My results highlight that
pathologization and verminization, though lacking explicit violence, elicited harm levels approaching
those of direct advocacy. Conversely, justificatory rhetoric, although ideologically dangerous, pro-
voked emotional responses closer to those for economic insults. The model also treats categories as
mutually exclusive, whereas respondents’ reactions suggest a continuum of harm influenced by over-
lapping rhetorical devices (e.g., a tweet may simultaneously pathologize and advocate violence). Thus,
while the model’s categories capture some semantic distinctions, they could benefit from incorporating
human ratings to weight severity and handle category blending.

In sum, the survey demonstrates that the supervised approach is grounded in human judgements
of incitement such that most of its labels correspond to how readers experience hate speech, and its
improvements focus on the very categories (verminization and pathologization) that experts and survey
participants alike regard as the most likely to lead to violence.

Additionally, the findings of this research map onto recognized stages in the escalation toward
genocide by empirically showing how specific rhetorical forms function as early, mid, and late-stage
incitement. Using Gordon (2017)’s framework of genocidal speech modalities, incitement, instiga-
tion, abetting, and ordering, the study demonstrates that different hate speech categories contribute
to genocide differently depending on their severity, perceived emotional impact, and rhetorical pur-
pose. For example, dehumanization and direct advocacy were shown to be linguistically cohesive and
emotionally potent, eliciting high levels of disgust, anger, and threat perception in survey respondents.
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These patterns align with mid-to-late stages of genocide escalation, where targets are morally excluded
and violence becomes socially acceptable (Gordon (2017); Bandura (1999); Giner-Sorolla and Russell
(2019)).

Conversely, categories like economic scapegoating and target-sympathizer conflation represent
earlier phases of escalation. These rhetorical strategies sow division and justify exclusion without
overtly calling for violence. Yet, as literature on dangerous speech shows, such messages lay the
groundwork for atrocity by normalizing group blame and delegitimizing moderates (Benesch (2012);
Leader Maynard and Benesch (2016)). The study’s finding that these less extreme categories provoke
moderate emotional responses supports their role in softening resistance to violence over time, func-
tioning as rhetorical “priming” (Allport (1954); Staub (1989)). Thus, the research extends theoretical
models by showing that incitement operates along a continuum and that early-warning systems should

flag not only explicit incitement but also less inflammatory categories that enable escalation.

5.3 Moving Beyond Binary Classification

One major contribution of this research is the shift from simplistic binary hate speech detection toward
a nuanced multiclass classification. Traditional approaches often dichotomize content as hate vs. non-
hate, which obscures important variations in severity and type of hateful expression. For example, the
HateBERT model (a BERT-based hate speech detector) was initially designed for binary classification
of abusive content.

In contrast, my work recognizes that hate speech is not monolithic. Following recent scholar-
ship calling to “move beyond traditional binary models”, I implemented a multiclass framework that

differentiates among categories of hateful discourse (Aldreabi et al. (2024)). This approach captures a
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spectrum from subtle biases to explicit calls for violence, rather than lumping all instances into a single
hateful class. Such granularity is valuable because mildly antagonistic or dehumanizing language can
escalate into severe incitement if left unchecked (Aldreabi et al. (2024)). By identifying intermedi-
ate categories (for instance, content that contains dehumanizing metaphors versus outright genocidal
threats), the classifier provides a more informative analysis of hate speech dynamics. This is especially
important in contexts of ethnic or political conflict, where early-warning signs of atrocity may manifest
as milder forms of hate speech before intensifying.

In sum, adopting a multiclass classification is a deliberate theoretical and practical advancement
that addresses the complexity of hate speech. It aligns with recent studies that successfully categorized
online hate into multiple tiers of severity (e.g. implicit bias vs. explicit incitement) to reveal variations
that binary models would miss (Aldreabi et al. (2024)). I thus underscore that moving beyond a bi-
nary hate/not-hate paradigm is not only a methodological choice but a substantive contribution of this

dissertation, yielding richer insights into the gradations of hate speech in the data.

5.4 Insights for Model Refinement

Despite this broad correspondence, the survey also exposes several limitations of the current model
and suggests concrete avenues for enhancement delineated below.

The model treats category membership as a binary outcome, yet the data show substantial vari-
ability within categories. For example, some pathologization tweets were nearly as harmful as direct
advocacy, whereas others evoked more moderate reactions. A supervised component could be trained
on continuous harm scores (e.g. average anger or threat ratings) rather than solely on categorical la-

bels. This would allow the model to assign a severity weight to each instance, providing more nuanced
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outputs for downstream moderation.

Additionally, the significant overlap in responses between certain categories (e.g. pathologiza-
tion vs. verminization) suggests that these might be merged into a broader dehumanization class for
practical purposes. Conversely, the minimal difference between economic insults and target sympa-
thizer conflation in most constructs implies that the latter class may not warrant separate treatment
unless contextual factors (e.g. offline violence) are present.

Some tweets contained multiple hate strategies (e.g. demonization coupled with calls for vio-
lence). A strictly single-label model will force such messages into one category, potentially underes-
timating their harm. A multi-label classifier could capture the co-occurrence of rhetorical devices and
better reflect the psychological impact revealed in the survey.

The current supervised model likely relies on lexical patterns and topic distributions. Incorporat-
ing features correlated with human affect such as sentiment scores, threat lexicons, or psycholinguistic
markers (LIWC categories) may improve the classifier’s ability to rank content by harm. For instance,
weighting words associated with disgust or anger more heavily could help the model prioritize content
that people find most repulsive.

Moreover, the alignment between certain model categories and human judgments suggests that
user feedback could be leveraged to fine-tune decision thresholds. An active learning loop in which
the model solicits ratings for borderline cases from domain experts could correct misclassifications
and calibrate severity weights over time. For example, some justification tweets were perceived as less
harmful than expected, reflecting the nuanced role of context and sarcasm. To address this, the model
could incorporate discourse-level features (e.g. preceding tweets, reply structure) and pragmatic cues
(e.g. quotation marks, rhetorical questions). Jointly modelling content and context would reduce false

positives and better align the classifier’s output with human harm judgments.
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Lastly, many of the original tweets mix languages and rely on code-switching. The supervised
component should therefore include multilingual embeddings and transliteration handling to ensure
that dehumanizing metaphors or advocacy phrases are recognized regardless of script or orthography.

In sum, the survey findings provide an empirical grounding for the supervised model’s categories
while highlighting the need for severity weighting, multi-label classification and richer feature repre-
sentations. Integrating human affective data and contextual analysis into model training would produce

a more nuanced tool for identifying harmful speech.

5.5 Limitations

While the results are promising and lend credence to the theory used and empirically tests that a more
nuanced classification of hate speech could be done, there were some limitations.

For one, the dataset was highly skewed, with the majority class (Q/E) comprising over 60%
of examples and some critical categories like Justification and Praising Past Violence extremely rare
(<1%) which were later subsumed under category ‘Other’. This imbalance constrained the supervised
learning such that the model had difficulty learning robust patterns for underrepresented categories,
as evidenced by low recall and precision for those classes in the baseline. This limitation means that
the classifier might miss some instances of the most dangerous rhetoric simply due to lack of training
examples. In a real-world setting, one would want to continually update the training data with new
examples of those rare but important categories to improve detection.

Second, annotating hate speech with fine-grained categories is challenging. Some tweets could
reasonably fit multiple categories (e.g., a message could simultaneously demonize and call for vio-

lence). I enforced a single label per tweet for model training, which may oversimplify the content. The
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confusion in the model between some categories and that human annotators also had disagreements or
found overlaps shows that a multi-label approach may be a better way.

Additionally, my analysis focused on English-language tweets, even though much of the conflict-
related hate speech occurred in Amharic, Tigrinya, and other Ethiopian languages. This is a significant
limitation because it narrows the scope of findings. The English tweets often included local terms
transliterated (e.g., “agame”), but the model was not trained on Ambharic script or Tigrinya script con-
tent. Thus, my system would not catch hate speech written in native languages. Moreover, Ethiopia’s
online space is rife with code-switching, mixing English with Amharic phrases, etc. My preprocess-
ing did not specifically tackle complex code-switched text (we treated transliterated words as English
tokens). This might have led to loss of information or misclassification if part of a tweet was in an-
other language. Tools for those languages (tokenizers, embeddings) were not integrated, which is a
limitation in achieving a truly multilingual hate speech detector.

Moreover, the model was trained on data from a specific conflict (the Tigray war) during a spe-
cific time frame (2020-2021). The language used, slang terms, and targets of hate are domain-specific.
This raises questions of generalizability. That is, if the model were applied to a different context (say,
hate speech in a different country or a different conflict), its effectiveness is uncertain. This limitation
suggests that continuous updates and possibly transfer learning would be needed to maintain perfor-
mance over time or across conflicts.

This thesis focused solely on analyzing individual tweets. I did not include context such as who
sent the tweet, whether it was a reply or part of a broader thread, or network information on how hate
speech spreads (for example, through retweets or specific influential accounts). In actuality, hazardous
speech frequently obtains power as a result of user networks’ repetition and amplification. For example,

a seemingly mild statement could become dangerous if it’s echoing a known hate slogan or if the user
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has a history of extremist posts. The model built judges only the text at face value, which is a limitation
when deploying in a platform setting. It could be improved by context-aware architectures (like taking
into account preceding tweets or the user’s profile), but that was outside the current scope. Additionally,
I did not address multi-modal content, i,e, hate messages might come with images or videos (memes,
etc.), which my text-only approach cannot handle.

On the technical side the model does misclassify and make mistakes. False negatives (hateful
content not identified) are a concern because they represent missed warnings; false positives (neutral
content flagged as hate) are also problematic, especially if such a model were used in content mod-
eration, it could lead to over-censorship or alarm fatigue. My results show that certain categories
tended towards lower precision (like Verminization had many false positives in baseline). This limita-
tion means the model’s outputs should be interpreted with care, and a human-in-the-loop is needed for
critical decisions.

We primarily used standard classification metrics and a held-out test set for evaluation. This is
appropriate for measuring performance, but there are some limitations here. The test set is relatively
small for some classes (e.g., only 15 instances of “Other”), making the evaluation of those classes’
performance noisy. A few correct or incorrect predictions one way could change the F1 notably. Ideally,
cross-validation or additional evaluation on an external dataset would strengthen confidence in results,
but I lacked an external benchmark since my taxonomy is novel.

In summary, these limitations clarify that while my research made significant strides in classi-
fying dangerous speech, it is not a complete solution. There are data-related constraints (imbalance,
domain specificity), methodological issues (annotation subjectivity, lack of context), and deployment
challenges (multilingual gaps, error implications) that must be addressed moving forward. Being aware
ofthese constraints is essential for interpreting the results correctly and for guiding future enhancements
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to this work.

A limitation regarding my second study is that while it captured the perceptions of the Tigrayan
diaspora to tweets classified by my prior ML model- it had a small sample size. The survey comprises
30 respondents and 10 tweets too few to draw definitive conclusions about cross-category differences.
More extensive human-rating data across diverse populations would improve confidence in the model’s
taxonomy.

The other fundamental limitation is that the instrument does not use a fully validated or psycho-
metrically established scale. While I drew heavily from existing affective and threat-appraisal litera-
ture, the survey items were created specifically for this study and have not undergone formal validation
such as factor analysis, reliability testing, or cross-sample replication. As a result, caution is required
when interpreting the absolute values of the emotional ratings, because the internal structure of the
scale is still exploratory.

Related to this, some constructs suffer from uneven item representation. Anger and disgust were
measured with three items each, but perceived threat and perceived violence were measured with only
one item per construct. Engagement, protective behavior, and withdrawal behavior were also mea-
sured with a single item. Single-item measures limit reliability because they cannot capture the full
conceptual complexity of each construct.

Another limitation concerns construct overlap. Because items such as “The speech made me feel
outraged” (anger) and “The speech content was repulsive to me” (disgust) are conceptually related, the
scale may have inadvertently captured blended moral emotions. While the repeated-measures ANOVA
detected clear differences across hate speech categories, the underlying constructs may not represent
clean separations between anger, disgust, and threat. This could inflate correlations among the negative

affect variables and reduce the ability to detect finer-grained emotional differences.
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There are also structural limitations associated with the survey design and stimuli. Each par-
ticipant evaluated only one tweet per category, drawn from examples classified by the ML model.
Although these tweets were prototypical of each category, they still represent only a narrow slice of
the rhetorical diversity present within the Tigray War discourse. Some categories had 2 or more ex-
amples while classes like Demonization did not have a tweet that was used in this study due to the
co-existence of other classes (thus the need for multi-label approach). This restricts the generalizabil-
ity of the results and may exaggerate or underestimate emotional reactions to entire categories based
solely on one representative tweet.

Despite the above-mentioned limitations, the survey still provided meaningful evidence that
the ML-derived categories correspond to differentiable emotional profiles. Nevertheless, future work
should incorporate validated multi-item scales for each construct, expand the number of tweets per cat-
egory, increase sample size, include contextual information, and implement a mixed-methods design

that integrates both quantitative ratings and open-ended qualitative explanations.
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Chapter 6: Conclusion and Future Work

Building on the findings and acknowledging the limitations, I propose several directions for future
research and practical application. One immediate next step is to extend the dataset and models to local
languages and multiple platforms. Given that much dangerous speech in conflicts occurs in languages
like Amharic or Tigrinya (in the Ethiopian context), future work should collect and label data in those
languages, or utilize translation techniques. Developing multilingual hate speech models (or fine-
tuning multilingual transformers like mBERT or XLM-R) would allow detection across English and
local language content. Additionally, cultural context must be considered because slang and metaphors
differ by language. Collaborating with native speakers and annotators from the region can improve the
taxonomy and catch nuances that an English-focused approach might miss. Cross-cultural validation
of the taxonomy would also be valuable to test the generality of these dangerous speech indicators.

It has also been noted that my data and analysis suffered from data imbalance. To address data
imbalance, future efforts should gather more examples/data of the rare categories. This could involve
targeted data collection than what I had used which was general key word filtering using common slurs
and terms. For instance, one may have to use search terms or ML strategies to specifically find more
content that falls under Justification or Praising Past Violence. Active learning could be employed,
where the model highlights uncertain tweets for human annotators to label, thus efficiently adding
informative examples. Another approach is data augmentation: generating synthetic examples of un-
derrepresented classes (carefully, to avoid introducing bias) or using transfer learning from related task.
Ensuring a more balanced dataset will help the model improve on the most critical categories. More-
over, future datasets could benefit from multi-label annotation, allowing tweets to have more than one
category when appropriate. This would provide richer supervision and likely improve model handling

of overlaps (some recent studies show multi-label classifiers can learn nuanced distinctions better by
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acknowledging overlap).

Our current model treats each tweet in isolation and relies on the transformer to capture context.
Future research can experiment with context-aware models. For example, incorporating conversation
context (previous tweets in a thread) or metadata (user info, time of post) might improve disambigua-
tion. A hateful tweet that is a reply might quote someone; having that previous tweet could help de-
termine if it’s an attack or a rebuttal. Additionally, network features could be integrated. For example
using graph neural networks where nodes are users and hate speech propagation is analyzed, to see if
known hate actors can be identified and their content weighed differently. On the feature side, using
lexical resources like the Hatebase dictionary or the PeaceTech Lab lexicon (which I partially used for
keyword searches) could boost the model. These resources might provide synonyms or related hate
terms that my data did not include, thus making the model more robust. Another promising direction
is to incorporate emotion and sentiment analysis as features. Dangerous speech often carries extreme
negative sentiment or contempt. If the model knew a tweet’s emotion profile (e.g., high anger, low
empathy), it might help classify borderline cases. Research by psychologists could inform features
like moral rhetoric or use of justification language (there are computational linguistics tools to detect
moral framing, which might catch justification of harm).

It is important for real-world adoption that models are interpretable, especially in sensitive con-
texts like identifying speech that might incite violence. Future work should incorporate explainable
Al techniques, for instance, using SHAP or LIME to highlight which words or phrases in a tweet led
the model to classify it as Demonization or Disloyalty. This not only builds trust with end-users (such
as analysts or platform moderators) but also allows verification that the model is making decisions for
the right reasons (e.g., it tagged a post as Verminization because it saw the word “cockroach” which

is a valid reason and not because of an irrelevant word). I also recommend a deeper integration with
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social science theories. For example, researchers could use the model on millions of posts to quantify
how rhetorical patterns correlate with offline events (does a spike in Direct Advocacy online precede
real-world violence). Such analysis can feed back into theory, refining our understanding of danger-
ous speech propagation. In essence, the model could become a theory-testing instrument, but to do so
reliably, we must ensure it is transparent and well-calibrated.

We recommend continuous evaluation of the model in the field. This includes regularly measur-
ing its performance on new data (to catch any degradation if hate actors change tactics) and conducting
user studies (e.g., have human experts rate the model’s classifications or use it in a simulated mod-
eration scenario to see how well it assists them). Such feedback can highlight new limitations and
guide iterative improvements. Another future avenue is to extend the taxonomy if needed: our cate-
gories covered many known dangerous speech forms, but future events might reveal new patterns (for
instance, deepfake-based incitements or novel conspiracy theories that do not squarely fit existing la-
bels). The framework of creating a taxonomy from theory and open coding can be repeated to update
the category set. In sum, treating the model and taxonomy as living tools that evolve with the landscape
will ensure the research continues to have real-world relevance.

Related to the above argument, Abdelkadir et al. (2025) give a set of concrete recommendations
aimed at platforms, policymakers, and the research community. These are grounded in their findings
and echo calls from prior literature on content moderation and hate speech (e.g. proposals by civil
society after the Myanmar crisis (Fink (2018)).

One such recommendation is to hire culturally and linguistically diverse moderators. Social me-
dia companies should ensure dialectical diversity among moderators who speak the same language,
and hire people with in-depth cultural and contextual knowledge of the regions they moderate. This
is especially vital in linguistically diverse regions (Lee et al. (2023)). For example, if a platform is
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moderating content in Ethiopia, it should employ not just any Amharic speaker, but moderators cover-
ing different dialects of Amharic and with knowledge of Ethiopian history and local issues. Research
strongly supports this approach of having moderators from the relevant community can catch nuanced
hate speech that outsiders miss (Braun and Clarke (2012)). It also helps address biases; as Davani et
al. (2021) note, diverse annotator pools lead to more inclusive definitions of harm (Braun and Clarke
(2012)).

Additionally, recent advances in large-scale language models (LLMs) including instruction-tuned
and multimodal architectures such as GPT-4 (OpenAl (2023)), LLaMA-3 (Llama Team (2024)), and
XLM-R-Large (Conneau et al. (2020)), offer fundamentally new capabilities for detecting, interpret-
ing, and classifying hate speech. These models differ from earlier transformer encoders like BERT or
mBERT (Devlin et al. (2018)) in their ability to perform complex reasoning, follow explicit natural-
language instructions, incorporate contextual world knowledge, and generalize across tasks without
supervised training. Instruction-tuned LLMs can be asked directly, without gradient-based training to
classify a tweet into theoretically grounded categories such as dehumanization, pathologization, demo-
nization, or direct advocacy of violence (T. Brown et al. (2020); OpenAl (2023)). This is particularly
useful for genocide-related speech, which often requires multi-step reasoning and interpretation rather
than simple pattern recognition.

A persistent barrier in this dissertation was the extreme imbalance across hate categories, some
categories contained fewer than 50 examples. LLMs are uniquely effective as data augmentors capable
of generating high-quality synthetic examples that preserve rhetorical intent and linguistic realism (Li
et al. (2023)). LLMs can generate paraphrases of rare hate categories, culturally grounded variants
of insults or dehumanizing metaphors, code-switched examples reflecting real patterns, adversarial
examples that test model robustness etc.
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By pursuing these recommendations, future research can build a more robust, generalizable,
and impactful system for detecting and countering dangerous speech. The ultimate goal would be
to integrate such NLP models into a broader strategy of violence prevention, where online hate is
monitored and mitigated before it translates into offline harm and mass atrocities. Each improvement
in accuracy, language scope, or explainability moves us closer to that goal, turning the lessons of past

atrocities into proactive tools for peace.
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Chapter A: Seedwords by PeaceTech Lab

The lexicon by PeaceTech Lab (2020), attempts to act as an initial guide to particular words and phrases
identified as particularly inflammatory or having inflammatory potential.. The purpose of this vocab-
ulary, according to PeaceTech Lab, is to provide information to people and groups who monitor and
combat hate speech in Ethiopia. Some of the key words used that are also suggested by the PeaceTech
Lab (2020) are the following:

074 (banda):

Definition of Term or Phrase: Banda (17%4) means “traitor” in Amharic and Tigrinya. A traitor
is “someone who betrays his country” or “someone who unites with the enemy of his country for his
own benefit” even if “his action could negatively affect his country” (PeaceTech Lab (2020)).

The term was used during the Italian occupation of Ethiopia (1935/36-1941) in particular to refer
to Ethiopians who fought for the occupier (then Italy) as mercenaries. Bande as an Italian word refers
to irregular military units (Treccani (n.d.)).

This therefore conferred an additional historically negative dimension to the usage of the term.

In the current political context, it is used by most groups or communities to stigmatize political
opponents or other ethnic groups as ”sellouts,” or the fifth column.

Respondents in the Peace lab report pointed out that it is “used by the government to refer to
opposition groups” and that it is “used to refer to former Prime Minister Meles Zenawi and the Tigray
people” or that “recently this word has been used by the government to indicate TPLF.”

Why it is Offensive or Inflammatory: This word refers to political and ethnic allegiances in
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o - Aug 12 v
Eritrea left Ethiopia because of haile Selassie not because of TPLF, dumb
ass.

Q1 = v, &

Replying to

Stupid Mother fucker, yes Eritrea is left because of you
Tigres inferiority complex and TPLF. You are always
N7 %:: What an imbecile to admit that?

2:43 AM - Aug 12, 2020 - Twitter Web App

Figure A.1: The Term 074 (Banda) In Use

addition to power. Since the goal of calling someone a traitor is to isolate them from society and
politics, it can be offensive when directed toward members of the same group. Because it intimidates
people who want to collaborate with others by threatening them with humiliation and potential reprisal,
its widespread use prevents people from working together across communities or political parties.

The phrase upholds the belief that other political parties are and always will be enemies,” which
is widely taken to mean that there are incompatible objectives and that it is one’s responsibility to
oppose or vanquish such adversaries. Related Hashtags: #traitor

Figure A.1 illustrates a sample post.

@ £ (weyane), woyane

Other Spellings and Associated Terms: Woyane, digital woyane

Definition of Term or Phrase: Woyane means “revolutionary” or “rebel” in Tigrinya, and this
term normally has a positive connotation when used by Tigrayans. According to focus group partici-
pants, in that context it conveys “someone who fights for what he believes” and commits “heroic act(s)
of the struggle for their belief.”

However, more recently the term has acquired a negative connotation, in particular when used

in Ambharic or by members of the Amhara and Oromo communities. For instance, survey respondents
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Replying to

What a MORON! an idiot! a clueless DIGITAL WOYANE!
booooooot lick the dead AGAMES because you are an
AGAME!

3114 AM - Aug 20, 2020 - Twitter Web App

Figure A.2: The Term ”Woyane” in Use

for the Peace Tech Lab indicated that “government officials use this term to refer to TPLF officials.”

299

Used in this way, “the term comes closer to meaning ‘bandit,”” a participant pointed out, “like a robber
and torturer,” because, according to an interviewee, it is “associated with [a] rebel group [from Tigray]
that is doing a lot of atrocities.”

The term is also sometimes used more broadly by members of the other communities to denigrate
“all Tigrayans and sometimes to mean TPLF or TPLF supporters” and is “loaded with the connotation
of repressiveness.” By extension the term digital woyane is a reference to the promonitant role social
media plays in Tigrayan organizing. It is used to both self-describe or designate nationalist Tigrayans
active on social media.

Why it is Offensive or Inflammatory: The derogatory use of the term woyane targeting members
of the TPLF is inflammatory when the intention is to portray a political group—which is currently in
the opposition—as terrorists or a band of violent rebels. When applied generally to the Tigrayan com-
munity, this has a degrading effect because it indicates that they are “without compassion or redeeming
qualities as fellow members of Ethiopian society. Related Hashtags: #woyane , #digitalwoyane

Figure A.2 illustrates a sample post.

?+77 20 (yeken jib), warrabessa guyyaa

Other Spellings and Associated Terms: yekeni jibi, yeken jeb, jeqen jib, jeken jiboch; ¢7 @

H¢-& P (daytime robbers), yegen jib zerafiwoch, yeken jib zerafiwoch
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Definition of Term or Phrase: Yeken jib (?7 1) and warrabessa guyyaa mean “daylight

hyena” in Amhara and Afaan Oromo. As a workshop participant in the Peacetech Lab explained,
“hyenas normally hunt at night, but yeken jib means a hyena that does hunting even on [sic] the day.”
According to survey respondents, this term is used to refer to “people who do the worst openly,” like
a “thief that has the audacity to steal in daylight” or a “daybreak robber.”

While the term yeken jib was originally used to refer to “financially corrupt people” in general,
survey data suggests that its use and meaning have evolved in recent years. Workshop participants
pointed out that Prime Minister Abiy Ahmed mentioned it in a speech in which he used the term
to reference members of the Tigrayan People’s Liberation Front (TPLF), later repeating the term on
national television. After this incident, participants explained that “it started to be used against previous
regime officials and beneficiaries [...] that were assumed to [...] have amassed wealth under it.” Many
survey respondents pointed out that by extension, it began to be used as a derogatory term to refer to
Tigrayans in general (PeaceTech Lab (2020)).

Why it is Offensive or Inflammatory: The term “daylight hyena” is insulting and demeaning,
particularly when it is applied to the entire Tigrayan population. Participants in the program explained
that hyenas prowl around at night and occasionally “’takes a sheep or animal or human.” Thus, at night,
the hyenas steal or plunder. Most people assume that if a hyena is seen in the daylight, it must be a
’starved hyena who will hurt humans.” This gives it a more menacing undertone because it implies
that one must defend oneself from hyena attacks.

According to those questioned, an individual who is accused of being a “daylight hyena” is
someone who "’has no shame, no conscience, no regard for morals, no regard for social values, he will
go out and take [that] which isn’t his.” Even in its least provocative form, the term is problematic,
according to survey respondents, especially when employed by certain party officials, who turn it into
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Replying to

R TN ANCTF-: 7L Ao 08 hT 2169
hh h1%2oomr h&L79F 0 +7CF 900

LA (NU9° Raeh 70t 929,.9): 7987 N+°7CTF
YJ7LANLE TRt L ATE MO Ah #%
n€oo/ m-

Translate Tweet

2:57 PM - Jul 26, 2020 - Twitter for Android
Figure A.3: The Term ”¢+7 201" (Yeken Jib) in Use

a “politically charged” term that pits ”the supporters of the new regime against the supporters of the

old political regime.” Related Hashtags: #yekenjib

Figure A.3 illustrates a sample post.

Translation: “Those yeken jib (daylight hyenas), we broke them, they don’t belong to us, we
prevented them entering to Addis Ababa without our permission, we blocked Tigrinya speakers (in all
state media), the killers were speaking in Tigrinya, although there is no clash yet, the war has started
already”.

A% (agame)

Alternative Spelling and Associated Terms and Phrases: 4,29%, anbetta belitta, anbeta belita

Definition and Context of Use: Agame (A4,29%) is the name of a former province located in the
regional state of Tigray, which was one of the country’s poorest areas. According to focus group
participants, people in the capital of Addis Ababa use the term to insult members of the Tigrayan
community in general. It carries the negative connotation by referring to “illiterates, laborers, despised,
low class.” “It is used to humiliate the person by making them think they are low class, illiterate and
greedy,” survey respondents indicated.

RT0M (A J- (anbeta girita) Alternative Spelling and Associated Terms and Phrases: anbetta

belitta, anbeta belita
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Definition and Context of Use: Anbeta girita means “locust-eater” in Ambharic.

According to workshop participants “the word is used to degrade people from the Agame district
in the Tigray region,” implying they are so poor that they have to eat grasshoppers. For some partici-
pants, it is a very degrading term, because it has “a connotation of undermining a person’s humanity,
like they are sub-human, not human enough to make their own food.” They indicated that it is cur-
rently widely used to refer to Tigray. Historically this term was used to designate Tigray and Eritrea,
and was used as a derogatory term particularly during the times of the student movement in the 1960s
and 1970s.

$79A (qomale) Alternative Spelling and Associated Terms and Phrases: #9749° Definition and
Context of Use: Qomale (#7A) means “body lice” in Tigrinya. It is inflammatory because it is dehu-
manizing and “it suggests the person is dirty and a parasite.”

EARA A (qulqual belita) Definition and Context of Use: Qulaugl belita means “cactus eater”
in Amharic. Some survey respondents explained that this term targets members of the Tigray commu-
nity.

According to them, it is a derogatory reference to the climate in the northern part of the country
where it is hotter and cactus fruit is consumed.

Validation workshop participants felt that it was mostly associated with “poverty and famine”
and was more recently being used on social media in reference to the 1985- famine during which it is
said those populations started consuming qulqual. “It is meant to belittle and to be a reference to social

status.”
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Chapter B:  Theories Used and Their Similarities

Table B.1 maps the theories used and their similarities with each other. These theories were used for

class/category generation.

Table B.1: Seed Keywords and Indicators from Stanton and Benesch Frameworks

Concept Description Gregory Stanton’s | Benesch’s Dan- | Indicators Example
Name Incitement to Geno- | gerous Speech Words
cide Framework
Distancing Negation Target-Sympathizer Dehumanization | High pronoun | They, them,
of Intimacy | conflation usage in text, | their, she, he,
by the wuse especially 3rd | us, we
of  othering person plural
language nouns
Negative Use of | Direct Advocacy - Emotions Damn, fuck,
Passion negative of anger, | piss, kill,
sentiments offensive, stop, hate,
and offensive insulting, annoying,
language threatening, ugly, nasty,
sexual, swear | horny, uncir-
words cumcised
Devaluation | Commitment | Dehumanization, Dehumanization Use of subhu- | Cockroach,
Commit- to hate the | Pathologization, man, object, | maggot, lice
ment target by use | Demonization, Ver- animal, or | infested, lo-
of demeaning | minization insect names | cust eater
language to  degrade
person(s)
Subjectivity | Use of faulty | Accusation in a Mir- | Threat Construc- | Bias & propa- | Always,
arguments ror, Justification tion ganda using | never, all,
quantifiers many, much
and certainty
Stereotyping | Hate directed | Praising past vio- | Impurity Presence of | Agame, Ko-
on the target | lence, Disloyalty, ethnic, racial, | mal, Kondaf
on the basis | Pathologization religious
of a protected names
social group
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Chapter C: Seed Keywords Used for Tweet Extraction

Table C.1 shows the keywords used to collect Tweets, using Twitter/X’s tweet streamer API.

Table C.1: Seed Keywords Organized into Six Columns

Col1 Col 2 Col 3 Col 4 Col 5 Col 6
1PCA AP K70 P77 S0 m-t i hlovy
a 00 Ah9°0M 09°0M A9°0M A9°0M (1A
a1 074 h78. hus 9L9° Ao
ANGT anz- "7 né- a.M7 £9° men,
@ 1A nen7a-at N oLy oLLPT T A
16 PTF +24 [NT Al T8 | Al AN
+-PL R T %
A )av 94)av h)av KD 997 hI7L
credr TPLF  Or- | agame woyane weyane 174t
phan
%St oy PC $754 EAEAI® 0Lh@-7

These taxonomy/categories were generated via open coding and through theories like incitement
to genocide (Gordon (2017)), dangerous speech (Leader Maynard and Benesch (2016)) and dehuman-

ization theories (Haslam (2006)).

Anti-Tigrayan Hate Speech Taxonomy

The following is a taxonomy of different categorize of hate speech.
+ Anti-Tigrayan Hate Speech

e Incitement to Genocide

» discriminate * loot

114



* hot

e best

* Dehumanization

¢ Verminization

* agame

* komal (lice)

» kondaf

* Demonization

* junta

e evil

» Pathologization

* blood sucker

e cancer
» weed

* poison

* Economic Anti-Tigrayanism

* minorities have oppressed others

* privileged

* 6%
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evict/clear

kill

dirty/stinky

snakes

devil

daytime hyena

dirt
parasite
disease

cursed womb

chronically poor
locust eater

beggar



* fly infected

* cactus eater

* Disloyal

« allegiance to a Tigrayan agenda
* betrayer

* lacking morals

* chronic rebels

* warmongers/intransigent

+ Tigrayan exceptionalism

« foreign
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backstabber
Banda

Heart of Tigrayans
deceptive

daytime hyena
liars

thieves



Chapter D:  Annotation Guidelines

Hate Speech Categories and Examples

1. Direct Advocacy Direct calls for destruction are relatively rare and use words like loot, discrim-
inate, put in concentration camp, beat, evict, kill, destroy ... There have been broadcasts to wipe

out Tigrayas and destroy infrastructure, economy, morale, and so on.

Examples:

Call for direct attack
* “Press forward until Tigrayans are wiped out”
* “Go House 2 House Kill All Agames”
* Call to destroy Tigray infrastructures
* “Cleanse your cities”
» “After this, Jet will be sent [to Tigray] instead of budget”
* “Eradicate TPLF from face of earth”
2. Verminization Classifies the target as something “whose extermination would be considered
normal and desirable” (e.g., cockroaches to the Tutsis).
Words to look for: komal (lice), kondaf (barren), dirty, stinky, snakes, worms, agame, roach

Examples:

» Comparing Tigrayan IDPs to snakes
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https://archive.ph/jqBU6
https://archive.ph/ZY5oy
https://web.archive.org/web/20211109040950/https://www.mereja.com/forum/viewtopic.php?f=2&t=279026&sid=ae139071ea2e31269c8adea1826cc2ba
https://web.archive.org/web/20211110062130/https://www.mereja.com/forum/viewtopic.php?f=2&t=276111
https://archive.ph/4NDKZ
https://archive.ph/t9jtn
https://archive.ph/HtsHE
https://mereja.com/amharic/v2/681506

* Lice
* Blen Mamo: “TPLF is shell. Inside the shell live worms”
3. Demonization Sinister figurative speech, often anthropocentric, centering on devils, malefac-
tors, and other nefarious personages.
Words to look for: Daytime hyena, Junta, devil, satan, cursed

Examples:

* Daniel Kibret used figurative speech such as “Satan” to refer to them
* https://archive.ph/kCSzv
* Snake
4. Pathologization Designates the target as a disease. Expropriates pseudo-medical terminology
to justify massacre, dehumanizing victims as sources of filth and disease.
Words to look for: Cancer, disease, weed, straving (rehabtegna)

Examples:

* Rehabtegna

* Tweet example

5. Disloyalty Expression of mistrust, treachery, or disloyalty of the group to the state, nation, or
continent. Includes remarks about Tigrayans working for the West and aid workers supplying

arms.

Words to look for: backstab, foreign, banda, traitor, heart of Tigray (Libi Tigray), liars, ter-
rorists
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https://archive.ph/FwCtT
https://archive.ph/SrOUb
https://archive.ph/9nngW
https://archive.ph/kCSzv
https://archive.ph/rhCkJ
https://archive.ph/SwU8I
https://archive.ph/2022.05.17-145636/https://twitter.com/Amanbiede/status/1526517041284452352?t=9viIJuI-JsQRCtna6JIRyg&s=19

Examples:

* “All of Woyane leaders’ defeated minds and consciences can never think of anything better
than evil and deceit. All the young people are being killed in a worthless war and they are
still fighting.”

* “You are one of the most criminal who always cry for only one ethnic group like Woyane

and divide the nation.”

6. Economic Anti-Tigrayanism Claims that Tigrayans are poor and useless or greedy and have

stolen money/resources from the state.

Words to look for: Locust eater, beggar, fly infested, cactus eater, greedy, stole money, billions

7. Accusation in a Mirror False claims that accuse the target of something the perpetrator is doing

or intends to do. Justifies genocide by invoking collective self-defense.

Example: Adebabay Media: “The traitors are one million people”

8. Justification Justifying ongoing atrocities; blaming a group for their lot; claiming the victims

deserve what happens; scapegoating a group.

Examples:

* Amhara Media Corporation: “The people here [the Amharas] are special. There [in Tigray],
even when you ask for water, they give you poison. If there were such people [as the

Ambaras] in Tigray, our country would be exceptional.”

* Menelik Television: “We are fighting to make the Tigray people Ethiopians. In the last 27
years, TPLF has instilled racism. To be honest, the Tigrayan support for TPLF is correct
because they have been unfairly benefiting.”

119



* “Fano, do not doubt for a moment that this aid is directly or indirectly going into the hands
of the enemy who is trying to destroy you. So take action without hesitation and without

being influenced by anyone.”
9. Praising Past Violence Glorification of past atrocities, often referencing historical violence or
comparing Tigray to Biafra, Tasmanians, etc.
Example: https://archive.ph/uG3S1
10. Target-Sympathizer Conflation Those who sympathize with target groups are also persecuted.
Non-Tigrayans who have supported them have been treated as junta or Woyane cadre.
Example: Yonatan Tesfaye, Deputy Director of Ethiopian Media Corporation:
“A country is not harmed by enemies or bandits — we are already facing those! At

such a time, the country is hurt by “middle settlers” (“fence sitters”), those that claim

they are balanced, the thorns within the mud.”

Key for Highlighting

Red: Not English, completely irrelevant

* Yellow: Confusing because mixed English with another language (still categorize if possible)

* Green: Unsure which category tweet falls under (list 2 categories if possible)

* Blue: Quotes/explanation, no hate speech

» Orange: Unclear if hate speech due to historical/lack of context
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https://archive.ph/uG3S1

Key for Dehumanization Categories

* DA = Direct Advocacy (calls to violence: kill, loot, destroy etc)

* V = Verminization (subhuman: worms, snakes, filth etc)

* DM = Demonization (threat/fear inducing: demons, devils, satan etc)

» P = Pathologization (cancer, malignant, infect us etc)

* DS = Disloyalty (lies, terrorists, traitors)

* EAT = Economic Anti-Tigrayanism (slaves, beggars, greedy, stole from us)

* AM = Accusation in a Mirror (they will/have done it to us, so we will do it to them, “fake

genocide”)
 J = Justification (they deserve the suffering/events)
* PPV = Praising Past Violence

» TSC = Target-Sympathizer Conflation

Q/E = Quotation/Explanation

Note: If a slur is present alongside context, always take the context rather than the slur.
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Chapter E:  Genocidal Speech Survey

Survey: Perceived Threat, Violence, and Emotional Reactions

1. Perceived Threat

Question: How threatening do you find this tweet?

Response scale:
1. Not threatening at all
2. Slightly threatening
3. Moderately threatening
4. Very threatening

5. Extremely threatening

2. Perceived Violence

Question: How violent do you find this tweet?

Response scale:
1. Not violent at all
2. Slightly violent

3. Moderately violent
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4. Very violent

5. Extremely violent

3. Emotional Reactions
Anger:

« [ felt angry after reading the speech.

* The speech made me feel outraged.

« [ felt a strong dislike or resentment as a result of the speech.
Fear:

* [ felt scared after reading the speech.

* The speech made me feel anxious about the safety of myself or others.

* [ felt a sense of dread due to the content of the speech.
Disgust:

« I felt disgusted by the speech.

* The speech content was repulsive to me.

« [ felt a strong aversion to the ideas expressed in the speech.

4. Urgency to Act

Would you report a tweet, respond, etc.?
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5. Behavioral Intentions

Engagement Behavior:

» [ would like, share, or comment on this tweet.

Protective Behavior:

* [ would report this tweet or block the user.

Withdrawal Behavior:

* [ would ignore or avoid further tweets of similar nature.

Example of the Scale:

Pathologization Tweet: ”Afars are in Tigray as we speak and Amhara militias are cleaning their
region from agame roaches. Soon we will be coming back. And 3 forces will be looting Mekelle to
the ground.”

Response Scale: 1 =Notatall 2= Slightly 3 =Moderately 4= Very 5= Extremely

Direct Advocacy Tweet: “agame roaches, Internment Camps Are Waste of Resources: Just Shoot

Them.”
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Question

How threatening do you find this tweet?

How violent do you find this tweet?

I felt angry after reading the speech.

The speech made me feel outraged.

I felt a strong dislike or resentment as a result of
the speech.

I felt scared after reading the speech.

The speech made me feel anxious about the
safety of myself or others.

I felt a sense of dread due to the content of the
speech.

I felt sad after reading the speech.

The speech made me feel a sense of loss or sor-
TOW.

I felt hopeless after reading the speech.

I felt disgusted by the speech.

The speech content was repulsive to me.

I felt a strong aversion to the ideas expressed in
the speech.

I would like, share, or comment on this tweet.

I would report this tweet or block the user.

I would ignore or avoid further tweets of similar
nature.

Table E.1: Survey Questions |
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Question

Perceived Threat: How threatening do you
find this tweet?

Perceived Violence: How violent do you find
this tweet?

Anger: I felt angry after reading the speech.

The speech made me feel outraged.

I felt a strong dislike or resentment as a result of
the speech.

Fear: I felt scared after reading the speech.

The speech made me feel anxious about the
safety of myself or others.

I felt a sense of dread due to the content of the
speech.

Sadness: | felt sad after reading the speech.

The speech made me feel a sense of loss or sor-
TOW.

I felt hopeless after reading the speech.

Disgust: I felt disgusted by the speech.

The speech content was repulsive to me.

I felt a strong aversion to the ideas expressed in
the speech.

Engagement Behavior: I would like, share, or
comment on this tweet.

Protective Behavior: 1 would report this tweet
or block the user.

Table E.2: Survey Questions II
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Appendix F: IRB Exemption

The page following this one contains the letter confirming that the Institutional Review Board (IRB) of
the University of Maryland (College Park) determined that this project was exempt from IRB review,

in accordance with US federal regulations.
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1204 Marie Mount Hall

@ UNIVERSITY OF College Park, MD 20742-5125
¢ } TEL 301.405.4212

FAX 301.314.1475
irb@umd.edu

www.umresearch.umd.edu/IRB
INSTITUTIONAL REVIEW BOARD

DATE: March 5, 2025

TO: Jennifer Wessel , PhD

FROM: University of Maryland College Park (UMCP) IRB
PROJECT TITLE: [2194343-1] Genocidal speech detection using NLP

SUBMISSION TYPE: New Project

ACTION: DETERMINATION OF EXEMPT STATUS
DECISION DATE: March 5, 2025

REVIEW CATEGORY: Exemption category # 45CFR46.104(d)(2)(i)

Thank you for your submission of New Project materials for this project. The University of Maryland
College Park (UMCP) IRB has determined this project is EXEMPT FROM IRB REVIEW according to
federal regulations.

We will retain a copy of this correspondence within our records.

If you have any questions, please contact the IRB Office at 301-405-4212 or irb@umd.edu. Please
include your project title and reference number in all correspondence with this committee.

This letter has been electronically signed in accordance with all applicable regulations, and a copy is retained within University of
Maryland College Park (UMCP) IRB's records.
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