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Abstract

Hate speech on social media poses significant
challenges for content moderation and user
safety. While various datasets exist for hate
speech detection, existing approaches treat hate
speech as a monolithic phenomenon, detect-
ing hateful content by using simple categor-
ical labels such as hate, offensive, or toxic.
This approach fails to distinguish between the
speaker’s underlying motivations and the con-
tent’s potential societal consequences. This pa-
per introduces 12-HATE, a novel dataset with a
dual taxonomy that separately captures Intent
(why the speaker produced hate speech) and
Impact (what harm it may cause to individu-
als and communities) of online hateful posts.
This dual-taxonomy approach enables moder-
ation systems to differentiate hateful content
based on underlying motivation and potential
harm, supporting more nuanced intervention
strategies. We release the I12-HATE dataset!
and code? publicly.

1 Introduction

Hate speech on social media platforms inflicts psycho-
logical harm on individuals and contributes to offline
violence and social disruption (Naslund et al., 2020; Ok-
pala and Cheng, 2025; Saha et al., 2019; Dreifligacker
et al., 2024; Deep Singh et al., 2025; Akomeah, 2023).
The volume of user-generated content makes manual
moderation unsustainable, necessitating automated de-
tection systems (Kapil and Ekbal, 2024; Schmidt and
Wiegand, 2017). However, current moderation systems
predominantly operate on binary removal decisions,
which Goldman (2021) argues “has hindered the consid-
eration of other remedial options.” Effective moderation
requires graduated responses where remedies are pro-
portionate to the violation (Goldman, 2021; Scheuerman
etal., 2021).

Early research framed hate speech detection as bi-
nary or ternary classification. Foundational datasets
like Waseem and Hovy (2016) and Davidson et al.
(2017) provided crucial benchmarks, though system-
atic reviews revealed pervasive issues including low

"https://huggingface.co/datasets/PS4Research/
I2-Hate
2https://github.com/ps-research/IZ—Hate

inter-annotator agreement, dataset degradation, and defi-
nitional inconsistencies (Fortuna et al., 2020; Madukwe
et al., 2020; Vidgen and Derczynski, 2020). The field
subsequently pursued greater nuance through multi-
label taxonomies capturing intersectional hate (Lee
et al., 2022; Mollas et al., 2022; Mathew et al., 2021),
multi-aspect frameworks deconstructing messages along
axes like hostility type and target group (Ousidhoum
et al., 2019), and implicit hate speech detection (EISh-
erief et al., 2021; Ocampo et al., 2023; Gao et al., 2017).

Despite this progress, existing approaches share a
fundamental limitation: they do not separately model
speaker Intent (why hate is produced) and societal Im-
pact (what harm it causes). This conflation is conse-
quential because, as Wilson and Land (2020) argue,
“the full meaning and potential effect of any speech act
lies with the intent of the speaker, the content of the
expression, and the context in which it is uttered.” Plat-
form policies already consider author intent as a crite-
rion for moderation decisions, yet Wang et al. (2025b)
identify a critical disconnect: current detection models
“typically lack efforts to capture intent.” Meanwhile,
frameworks like MLMA (Ousidhoum et al., 2019) in-
clude annotator sentiment (a proxy for impact) but not
intent, while “Measuring Hate Speech” (Sachdeva et al.,
2022) captures perceived harm without separate intent
judgments. These dimensions remain conflated into
a single spectrum of “hatefulness,” preventing models
from distinguishing malicious threats from ignorant mi-
croaggressions, a distinction essential for proportion-
ate enforcement aligned with platform severity frame-
works (O’Kane, 2021; Scheuerman et al., 2021).

To address this gap, we introduce I12-Hate, a dataset
built on a dual-taxonomy that explicitly models Intent
and Impact as independent, multi-label classification
tasks. Drawing from Wang et al. (2025b)’s application
of Weberian concepts to online hate, our Intent taxon-
omy captures motivations such as ideological expression
and strategic incitement (Section 2.3), while our Impact
taxonomy captures harms ranging from psychological
damage to incitement to violence (Section 2.4).

Our contributions are as follows:

1. Novel Dual-Taxonomy Framework: We intro-
duce the first theoretically grounded framework
separating speaker Intent from societal Impact as
independent, multi-label classification tasks for
hate speech analysis.
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Label Train Val Test Total
Intent Label Distribution

Affective Aggression [AA] 251 90 100 441
Derisive Trolling [DT] 229 75 79 383
Dominance & Subjugation [D&S] 316 107 97 520
Ideological Expression [IE] 422 145 150 717
Performative Reinforcement [PR] 258 30 86 424
Strategic Incitement [SI] 455 154 144 753
Threat & Intimidation [T&I] 278 84 83 445
Total Intent 2209 735 739 3683
Impact Label Distribution

Disruption of Public Discourse [DPD] 445 149 152 746
Glorification of Hate [GH] 268 98 78 444
Incitement to Discrimination/Exclusion ID/E] 374 117 123 614
Incitement to Violence [IV] 394 134 122 650
Misinformation/Disinformation Nexus [M/DN] 449 161 150 760
Normalization of Prejudice [NP] 543 173 190 906
Psychological Harm [PH] 524 167 162 853
Stigmatization & Dehumanization [S&D] 496 184 183 863
Total Impact 3493 1183 1160 5836

(a) Distribution of labels across splits.
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(b) Correlation matrix between Intent and Impact labels. Num-

bers show co-occurrence counts (top) and Pearson correlation

coefficients (bottom).

Figure 1: Overview of 12-Hate label distributions and cross-taxonomy correlations

2. I12-Hate Dataset: We present 3,296 Twitter
(presently known as X) posts annotated with 7 In-
tent labels and 8 Impact labels, enabling systems
to match moderation actions to both speaker moti-
vation and harm severity.

3. Comprehensive Model Benchmark: We evaluate
19 transformer models across 6 architectural fami-
lies (encoders, domain-specific encoders, advanced
encoders, encoder-decoders, and lightweight vari-
ants), establishing performance baselines.

4. State-of-the-Art LLM Evaluation: We bench-
mark 4 frontier LLMs (Llama 4 (Scout) (Meta Al,
2025), ChatGPT-5 (OpenAl, 2025), Gemini 2.5
Pro (Google DeepMind, 2025), Claude Sonnet 4.5
(Anthropic, 2025)) in zero-shot and 3-shot settings.

We release the I2-Hate dataset publicly on Hug-
ging Face to support content moderation teams, plat-
form safety researchers, and policymakers in developing
context-aware hate speech detection systems.

2 I2-Hate Dataset

2.1 Data Collection and Annotation

We collected 3,296 posts from Twitter (now X). Inclu-
sion criteria: Posts must (1) target contentious social,
political, cultural, or racial issues; (2) focus on iden-
tity groups or social categories; and (3) contain hate
directed at collective identities rather than individuals.
Exclusion criteria: Personal attacks on specific public
figures, brand or company criticism, and interpersonal
grievances unrelated to protected characteristics. These
criteria ensured the dataset captures hate speech tar-
geting marginalized identities within broader societal
debates, where Intent and Impact distinctions matter
most for moderation.

Three annotators underwent rigorous two-week train-
ing on the taxonomy framework and completed prac-

tice annotation rounds before independently labeling
all posts (detailed methodology in Appendix A). Inter-
annotator agreement measured by Fleiss’ kappa (Fleiss,
1971) yielded x=0.74 for Intent and x=0.79 for Impact,
indicating substantial agreement. Figure 1a presents the
distribution of labels across splits.

2.2 Taxonomy Development Process

Our dual taxonomy was developed through literature-
informed iterative refinement rather than strict the-
oretical derivation.

Intent Taxonomy Development

We began with Wang et al. (2025a)’s application of
Weberian concepts to hate speech, which frames hateful
expression as purposive action with distinct motivations.

Categories from Wang et al.’s Weberian frame-
work:

* Affective Aggression <— Affectual action: “an emo-
tional response, such as anger or frustration”

* Ideological Expression < Value-rational action:
“motivated by values and beliefs”

e Strategic Incitement <— Goal-rational action: “used
strategically to achieve political or ideological
goals”

Categories from domain-specific literature:

e Threat & Intimidation: Marsters (2019)’s dis-
tinction between “Howlers” (intimidation) and
“Hunters” (actionable threats)

¢ Dominance & Subjugation: Carlson (2020)’s fram-
ing as “hate speech... a mechanism for coloniza-
tion... the practice of domination involving the
subjugation of one group”
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Figure 2: UMAP visualization using all-MiniLM-L6-v2 embeddings shows semantic overlap across Intent and
Impact categories. Posts with different dominant labels occupy shared embedding space, indicating absence of

discrete classification boundaries.

* Derisive Trolling: Coles and West (2016)’s def-
inition as “manipulating another individual into
losing their temper... causing deliberate offence”

* Performative Reinforcement: Kunst et al. (2021)’s
work on in-group signaling where “individuals
may be encouraged to engage if they expect so-
cial recognition”

We iteratively refined to 7 categories within our target
range of 5-8 for annotator reliability.

Impact Taxonomy Development

While Intent captures speaker motivation, Impact cap-
tures societal harm regardless of intent.
Categories with guidance from Wang et al.:

* Incitement to Violence: “online hate speech has
been recognised... for its potential to incite and
propagate offline violence”

* Misinformation/Disinformation Nexus: hate that
“rel[ies] on coded language and misinformation”

Categories from domain-specific research:

* Normalization of Prejudice: Soral et al. (2018) ex-
plain how exposure leads content to be “interpreted
by an individual as less negative and harmful... in-
creasing prejudice”

* Psychological Harm: Judge and Nel (2018) docu-
ment “the psychological hurt and the psychological
harm of hate speech is undeniable.”

» Stigmatization & Dehumanization: Saffari et al.
(2024) define this as “content which perceives or
treats people as less than human”

* Disruption of Public Discourse: Cover (2023) de-
scribe how hate effects “the withdrawal of relation-
ality... a right to speak or participate socially”

2.3 Intent Taxonomy

The Intent dimension captures seven distinct speaker
motivations behind hate speech production:

(1) Affective Aggression: Reactive emotional expres-
sion driven by anger, frustration, or outrage, charac-
terized by impulsive hostile language without strategic
planning (Ray and George, 2021; Mane et al., 2025).
As Mane et al. (2025) note, “the Frustration-Aggression
Theory suggests that frustration leads to aggression,
which can be exacerbated by social media platforms.”

(2) Derisive Trolling: Deliberate provocation for
amusement or disruption, employing mockery, sarcasm,
or feigned ignorance to elicit reactions (Coles and West,
2016).

(3) Dominance & Subjugation: Assertion of power
and social hierarchy through degradation and belittling
language that positions target groups as inferior (Carl-
son, 2020).

(4) Ideological Expression: Articulation of hateful
worldviews or political ideologies that position cer-
tain groups as threats to valued institutions or social
order (Lee, 2010).

(5) Performative Reinforcement: In-group signaling
and solidarity building through shared hateful rhetoric,
reinforcing group identity and boundaries (Kunst et al.,
2021).

(6) Strategic Incitement: Calculated language crafted
to achieve specific political, ideological, or social ob-
jectives, including mobilizing followers or coordinating
hostile actions (Fyfe, 2017).

(7) Threat & Intimidation: Direct or implied threats
designed to instill fear, silence targets, or warn of im-
pending harm (Marsters, 2019).

2.4 Impact Taxonomy

The Impact dimension captures eight domains of poten-
tial societal harm inflicted by hate speech, regardless of
speaker intent:

(1) Psychological Harm: Emotional distress, anxiety,
fear, or trauma experienced by target individuals or
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M ‘ Subset Accuracy Macro F1 Weighted F1 Micro F1 Hamming Loss
odel Name

‘ Intent Impact ‘ Intent Impact ‘ Intent Impact ‘ Intent Impact ‘ Intent Impact
BERT-base 0.8012 0.4643 0.8919  0.7859 0.8826 0.7818 0.8826 0.7838 0.0369 0.0924
BERT-large 0.8118 0.5266 0.8987  0.8118 0.8895 0.8076 0.8897  0.8085 0.0347 0.0823
RoBERTa-base 0.8149 0.5357 0.9007  0.8194 | 0.8899  0.8142 0.8903 0.8144 0.0345 0.0823
RoBERTa-large 0.7436 0.4598 0.8634  0.7809 0.8536  0.7773 0.8548 0.78 0.0464 0.0943
HateBERT 0.7891 0.4219 0.8810  0.7616 0.8706 0.7569 0.8702 0.7575 0.0405 0.1064
Twitter-RoBERTa-Hate | 0.7982 0.5038 0.8801  0.7998 0.8704  0.7959 0.8714 0.7952 0.0403 0.0903
ToxicBERT 0.7951 0.4583 0.8807  0.7819 0.8724 0.7779 0.8721 0.7790 0.0403 0.0941
DistilBERT 0.7936 0.4461 0.8875  0.7721 0.8779  0.7667 0.8776 0.7679 0.0386 0.1000
‘DistilRoBERTa 0.7906 0.4461 0.8850  0.7677 0.8744 0.7640 0.8747 0.7645 0.0397 0.1007
DistilBART-cnn 0.8027 0.4917 0.8843  0.7932 0.8764  0.7882 0.8764 0.7904 0.0390 0.0909
DeBERTa-v3-small 0.7860 0.4568 0.8799  0.7734 0.8715 0.7691 0.8716 0.7701 0.0408 0.0998
DeBERTa-v3-base 0.8134 0.5144 0.903 0.8047 0.8942 0.7984 | 0.8939 0.7991 | 0.0338 0.0878
XLM-RoBERTa-base 0.7785 0.4461 0.8718  0.7742 0.8597 0.7683 0.8585 0.7711 0.0447 0.0986
ELECTRA-small 0.7602 0.3733 0.8401  0.7209 0.8319  0.7138 0.8324 0.7210 0.0512 0.1144
ELECTRA-base 0.7982 0.5053 0.8932  0.7985 0.8855 0.7937 0.8849 0.7954 0.0364 0.0882
ConvBERT-base 0.7891 0.5296 0.8802  0.8092 0.8733  0.8053 0.8735 0.8056 0.0401 0.0848
ALBERT-base-v2 0.7739 0.4810 0.8711  0.7880 0.8629 0.7836 0.8628 0.7836 0.0434 0.0933
BART-base 0.8103 0.5083 0.8962  0.8015 0.8871 0.7958 0.8872 0.7989 0.0356 0.0869
BART-large 0.7921 0.5539 0.8773  0.8253 | 0.8695 0.8201 | 0.8703 0.8212 | 0.0403 0.078

Figure 3: Performance of 19 transformer models on Intent and Impact classification tasks. Best results per metric

are shown in bold.

groups (Judge and Nel, 2018).

(2) Stigmatization & Dehumanization: Systematic
stripping of human dignity through language that por-
trays groups as less than human (Saffari et al., 2024).
(3) Normalization of Prejudice: Contribution to main-
streaming discriminatory attitudes by making hateful
views appear acceptable or widespread (Soral et al.,
2018).

(4) Glorification of Hate: Celebration extol the crimes
of genocide, historical atrocities, hate crimes, or extrem-
ist figures (Cortés, 2021).

(5) Incitement to Violence: Language that encourages,
justifies, or provides rationale for physical harm against
individuals or groups (Kopytowska and Baider, 2017).
(6) Incitement to Discrimination/Exclusion: Promo-
tion of discriminatory practices or social exclusion tar-
geting specific groups (Leader et al., 2009).

(7) Disruption of Public Discourse: Derailment of
constructive dialogue through hate speech that silences
marginalized voices (Cover, 2023).

(8) Misinformation/Disinformation Nexus: Intersec-
tion of hate speech with false or misleading claims
about target groups (Cinelli et al., 2021; Kim and Kesari,
2021).

Both taxonomies allow multi-label annotation, as
posts frequently exhibit multiple intents and impacts
simultaneously. Complete label definitions with ex-
amples are provided in Appendix B. Figure 1b illus-
trates the correlation structure between Intent and Im-
pact dimensions: while largely orthogonal, certain
combinations occur more frequently, such as Derisive
Trolling with Disruption of Public Discourse (r = 0.52),
Threat & Intimidation with Incitement to Violence
(r = 0.63), and Strategic Incitement with Misinfor-
mation/Disinformation Nexus (r = 0.57). Figure 2
visualizes semantic embedding space using sentence

transformers (Transformers). The extensive overlap be-
tween label categories reveals that hate speech does not
fall into discrete semantic clusters; posts with differ-
ent dominant labels occupy shared embedding regions.
The absence of separable clusters validates our multi-
label framework over binary classification. Additional
exploratory analysis is provided in Appendix C.

3 Experiments and Results

3.1 Models and Training

We evaluate 19 transformer models across multiple
scales and architectural families. Fine-tuned mod-
els include: (1) General encoders: BERT-base (De-
vlin et al., 2018), BERT-large, RoBERTa-base (Liu
et al., 2019), RoBERTa-large, DistilBERT, Distil-
RoBERTa (Sanh et al., 2019); (2) Domain-specific
hate speech models: HateBERT (Mathew et al., 2020),
ToxicBERT (Hanu and Unitary team, 2020), Twitter-
RoBERTa-Hate (Barbieri et al., 2020); (3) Advanced en-
coders: DeBERTa-v3-small (He et al., 2021), DeBERTa-
v3-base, ELECTRA-small and ELECTRA-base (Clark
et al., 2020), ALBERT-base-v2 (Lan et al., 2019), XLM-
RoBERTa-base (Conneau et al., 2019), ConvBERT-
base (YituTech, 2021); (4) Encoder-decoders: BART-
base (Lewis et al., 2019), BART-large, DistilBART-
cnn (Shleifer, 2020). Additionally, we evaluate state-of-
the-art LLMs in zero-shot and 3-shot settings: Llama 4
(Scout variant), ChatGPT-5, Gemini 2.5 Pro, and Claude
Sonnet 4.5.

The dataset was split 60/20/20 (1,978/659/659 posts)
using stratified sampling. All transformer models were
fine-tuned for multi-label classification using binary
cross-entropy loss (Zhang and Sabuncu, 2018) and
AdamW optimizer (Loshchilov and Hutter, 2017).We
report micro-F1, macro F1 (Takahashi et al., 2022) (pri-
mary metric, handles class imbalance), weighted F1 (Hi-
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Model Name

Subset Accuracy

Macro F1

‘Weighted F1

Micro F1

Hamming Loss

\

‘ Intent Impact ‘ Intent Impact ‘ Intent Impact ‘ Intent Impact ‘ Intent Impact
Llama4_ZeroShot [ 005 0.01 | 05933  0.5484 | 0.5906  0.5489 | 0.5424  0.5216 | 0.3543 0.415
Llama4_3Shot | 0.01 0 | 05895 05195 | 0.5866  0.5198 | 0.5348  0.4932 | 0.3729 0.465
ChatGPT5_ZeroShot | 0.08 0.01 | 0.6386  0.5249 | 0.6361  0.5255 | 0.5772  0.5042 | 0.3014  0.4375
ChatGPT5_3Shot | 0.06 0.01 | 0.6307 04892 | 0.6277 049 | 0.5642  0.4706 | 0.32 0.5062
gemini-2.5-pro_ZeroShot |  0.05 0.01 | 0.6075  0.5201 | 0.6045  0.5207 | 0.5462  0.5007 | 0.3229  0.4338
gemini-2.5-pro_3Shot | 0.04 0.01 | 0.6176  0.5013 | 0.6148  0.5019 | 0.5534  0.4816 | 0.3229  0.4925
ClaudeSonnet4.5_ZeroShot | 0.08 0.05 | 0.6173  0.5697 | 0.6147  0.5697 | 0.5588  0.5525 | 0.2843  0.3038
ClaudeSonnet4.5_3Shot | 0.08 0 | 06243 05819 | 0.6216  0.5823 | 0.5641  0.5528 | 0.2914  0.3337
BART-large (Reference) | 0.7921  0.5539 | 0.8773 0.8253 | 0.8695 0.8201 | 0.8703 0.8212 | 0.0403  0.078

Figure 4: Performance of SOTA LLMs on Intent and Impact classification tasks. For Llama 4 we used the Scout

version.

nojosa Lee et al., 2024), subset accuracy (Nam et al.,
2017) (exact label match), and Hamming Loss (Wu and
Zhu, 2020) (fraction of incorrectly predicted labels in
multi-label classification). LLMs received complete tax-
onomy definitions from Appendix B (all 15 labels with
definitions and key indicators). Details about experi-
mental setup, hyperparameters, and reproducibility are
in Appendix D.

3.2 Overall Performance

Figure 3 presents test set performance for fine-tuned
transformer models. DeBERTa-v3-base achieves the
strongest Intent classification performance with macro
F1 of 0.903 and subset accuracy of 0.8134, closely fol-
lowed by RoBERTa-base (0.9007 macro F1, 0.8149
subset accuracy). BERT-large ranks third with 0.8987
macro F1, demonstrating that scaling model size pro-
vides marginal gains. For Impact classification, BART-
large leads with macro F1 of 0.8253 and subset accuracy
of 0.5539, followed by RoBERTa-base (0.8194 macro
F1, 0.5357 subset accuracy). Notably, larger model
variants (BERT-large, RoOBERTa-large) do not consis-
tently outperform their base counterparts, ROBERTa-
large achieves only 0.8634 Intent macro F1 compared
to RoBERTa-base’s 0.9007, suggesting task-specific op-
timization matters more than parameter count.

Intent classification proves substantially more
tractable than Impact detection across all models, with
average macro F1 scores of 0.8824 and 0.7879 respec-
tively, a 12% relative difference. Detailed per-label
precision, recall, and F1 scores for Intent and Impact
classification are provided in Appendix E.

3.3 Domain-Specific Model Performance

Domain-specific hate speech models show mixed re-
sults. Twitter-RoBERTa-Hate marginally outperforms
general encoders on Impact classification (0.7998 vs
DistilBERT 0.7721, +3.6%) but underperforms on Intent
(0.8801 vs RoBERTa-base 0.9007, -2.3%). However,
more specialized variants struggle significantly: Hate-
BERT suffers -1.2% degradation on Intent and 3.1%
on Impact compared to BERT-base, while ToxicBERT
shows similar under-performance (-1.2% Intent, -0.6%
Impact).

3.4 Large Language Model Evaluation

Figure 4 presents SOTA LLM performance on I2-
HATE. Despite receiving complete taxonomy defini-
tions with 15 labels, operational definitions, and key
indicators, all LLMs dramatically underperformed fine-
tuned transformer models. The best-performing configu-
ration Claude Sonnet 4.5 in 3-shot setting achieved only
0.6243 Intent macro F1 and 0.5819 Impact macro F1,
representing 30.7% and 29% degradation compared to
RoBERTa-base (0.9007 and 0.8194 respectively). Sub-
set accuracy collapsed catastrophically: LLMs achieved
0.00-0.08 on Intent (vs. 0.8149 for RoBERTa-base) and
0.00-0.05 on Impact (vs. 0.5539 for BART-large).

Error analysis revealed systematic over-labeling:
LLM:s assigned substantially more labels per post than
ground truth annotations. When we presented LLM
predictions to our original annotators, they frequently
disagreed with the label assignments. Few-shot learning
provided minimal benefit and sometimes degraded per-
formance (e.g., ChatGPT-5 Impact dropped from 0.5249
to 0.4892 macro F1). This suggests the task requires
learning nuanced label boundaries from substantial train-
ing data rather than in-context pattern matching.

These results validate I2-HATE’s contribution: the
dataset enables capabilities that neither scaling nor
prompting can achieve. The LLMs performance gap
demonstrates that our dual-taxonomy framework cap-
tures genuine linguistic subtlety beyond what current
prompting paradigms can address.

4 Conclusion and Future Work

Hate speech detection requires moving beyond binary
toxicity classification to understand both communica-
tive intent and societal consequences. 12-Hate provides
the first dataset annotating Intent (7 labels) and Impact
(8 labels) in 3,296 social media posts, enabling content
moderation systems to distinguish speaker motivations
from downstream harms. Future work should extend
this dual-taxonomy framework multilingually, validate
real-world moderation interventions that leverage Intent-
Impact distinctions for proportional responses, and ap-
ply it to other harmful content domains, establishing
generalizable methods for context-aware content pol-

icy.
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Limitations

Our dataset is drawn exclusively from Twitter, limiting
generalizability to platforms with different communi-
cation norms (Reddit’s pseudonymity, TikTok’s video
format). The English-only content prevents multilingual
analysis and cross-cultural hate speech pattern detection.
The dual taxonomy introduces subjectivity in distin-
guishing Intent from Impact: while annotators achieved
strong agreement (Fleiss’ x = 0.74 Intent, 0.79 Impact),
borderline cases remained challenging. The dataset cap-
tures 2024-2025 hate speech; evolving slang and coded
language require periodic retraining. Computational
constraints limited evaluation to dual T4 GPU infras-
tructure, precluding larger architectures and advanced
techniques like multi-task learning that could improve
performance.

Ethical Considerations

All posts in 12-Hate are sourced from publicly accessible
Twitter in compliance with platform Terms of Service.
While this constitutes public data, we recognize the
sensitive nature of hate speech content. We implement
privacy protections including removal of usernames,
profile images, timestamps, and potentially identifying
information. Posts containing threats of imminent vi-
olence were reported to platform moderators prior to
dataset inclusion. The annotation process involved three
mental health professionals with expertise in hate speech
impacts, who received comprehensive training and ac-
cess to mental health support resources throughout the
annotation period. I2-Hate is designed exclusively for
research into hate speech detection, content moderation
improvement, and understanding online toxicity pat-
terns—and is not intended for surveillance, profiling,
suppression of marginalized voices, or any punitive
applications that could harm vulnerable communi-
ties. We acknowledge dual-use risks: while our work
aims to improve detection systems, the dataset could
theoretically be misused. To mitigate this, we will im-
plement a gated public access when me make the dataset
public.
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Appendix A : Annotation Process and
Guidelines

The project proposal received Institutional Review
Board (IRB) approval prior to data collection and an-
notation. All annotation procedures adhered to ethical
guidelines for research involving potentially traumatic
content.

Annotation Guidelines

Annotators were trained to identify both explicit and
implicit manifestations of Intent and Impact labels. The
annotation process emphasized multi-label assignment,
as hate speech posts frequently exhibit multiple intents
and impacts simultaneously. Annotators were instructed
to assign all applicable labels rather than forcing a single
category, reflecting the multifaceted nature of online
hate.

Intent Disambiguation

Distinguishing between similar intents required care-
ful attention to pragmatic cues, discourse markers, and
functional characteristics:

¢ Strategic Incitement vs. Ideological Expres-
sion: Strategic Incitement employs instrumental
language aimed at mobilizing action, recruiting,
or polarizing (e.g., “Share this before they censor
it,” coded language, calls to action); Ideological
Expression articulates hateful beliefs as statements
of conviction without explicit mobilization goals
(e.g., “I believe [group] are inferior,” declarative
statements of worldview).

* Affective Aggression vs. Dominance & Subjuga-
tion: Affective Aggression features spontaneous
emotional outbursts with high valence and reactive
positioning (e.g., profanity-laden insults in heated
exchanges); Dominance & Subjugation employs
calculated language aimed at systematic degrada-
tion and power assertion (e.g., persistent dehuman-
ization, organized harassment campaigns).

¢ Performative Reinforcement vs. Derisive
Trolling: Performative Reinforcement uses in-
group signaling and shared references to gain so-
cial approval within hateful communities (e.g.,
memes, jargon); Derisive Trolling aims to provoke
reactions for entertainment, often crossing com-
munity boundaries (e.g., deliberately inflammatory
statements designed to “trigger” targets).

* Threat & Intimidation identification: Both ex-
plicit threats (“‘You should be [violent act]”) and
implicit threats (“People like you won’t be safe
here much longer”) qualify. Veiled threats using
conditional language (“If I see you...”) or implied
consequences (“Better watch your back”) warrant
this label.
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Impact Assessment Criteria

Annotators were trained to infer impacts from linguistic
patterns and contextual evidence, recognizing that harm
manifests through both explicit and coded language:

* Coded language and dog whistles: Implicit im-
pacts could be labeled when hate employs plausi-
ble deniability. For example, “[Group] have lower
IQs—it’s just biology” constitutes Stigmatization
& Dehumanization and Normalization of Prejudice
despite superficially neutral framing.

Severity threshold: An impact must be substan-
tively evidenced, not merely implied by single
words. Mild criticism (“I disagree with [group]’s
politics”) is insufficient for Psychological Harm
unless it includes targeted degradation, severe in-
sults, or language likely to cause significant dis-
tress to members of the targeted group.

* Multi-impact posts: A single passage often
warrants multiple impact labels. For instance,
“[Group] are parasites spreading disease. They
should be eliminated from society” exhibits
Stigmatization & Dehumanization (animal/disease
metaphors), Incitement to Violence (“eliminated”),
and Incitement to Discrimination/Exclusion (re-
moving from society).

Historical context:  Annotators considered
whether language echoes historical genocidal
rhetoric, white supremacist tropes, or extremist
propaganda, which elevates impact severity even
when not explicitly violent (e.g., replacement the-
ory narratives, blood libel references).

Annotator Recruitment and Training

Annotator Background

Three undergraduate computer science students from
our institution served as annotators. All were fluent
English speakers with familiarity with harmful online
content. Annotators were recruited through departmen-
tal announcements and selected based on: (1) availabil-
ity for the 3-month project duration, (2) demonstrated
attention to detail in preliminary screening tasks, (3)
familiarity with online discourse norms and social me-
dia platforms, and (4) capacity to maintain emotional
wellbeing while engaging with hateful content.

Ethical Protections for Annotators

Given the traumatic nature of hate speech content, com-
prehensive wellbeing supports were implemented:

* Exposure limits: Annotation sessions were lim-
ited to 2-hour blocks with mandatory breaks to
prevent vicarious trauma accumulation.

* Mental health resources: Annotators had access
to confidential counseling services throughout the
project and for 3 months post-completion.

* Right to refuse: Annotators could skip posts they
found excessively distressing without penalty, with
such posts reviewed by the research team.

* Peer support: Weekly group debriefing sessions
allowed annotators to process emotional impacts
collectively.

Training Protocol

Annotators underwent a structured 2-week training pro-
gram:

1. Week 1 — Theoretical Foundations: In-depth
study of the dual taxonomy, including Weberian
social action theory (Intent) and harm-based frame-
works (Impact). Training materials covered histori-
cal hate speech patterns, coded language evolution,
and contemporary extremist rhetoric to contextual-
ize annotation decisions.

2. Week 2 — Calibration: Three practice annotation
rounds, each consisting of 15 example posts (45
total) representing diverse hate types, targets, and
severity levels. After each round, annotators partic-
ipated in group discussions to resolve ambiguities,
clarify edge cases (particularly Strategic Incite-
ment vs. Ideological Expression), and establish
consistent interpretation guidelines. Discrepan-
cies were adjudicated through consensus-building
rather than imposed by researchers. Special atten-
tion was given to implicit hate, dog whistles, and
multi-label decision criteria.

Data Collection and Annotation

Following training, annotators spent 2 weeks collecting
posts meeting inclusion criteria: English-language, hate
speech directed at protected characteristics (race, reli-
gion, gender, sexual orientation, disability, nationality),
minimum 20 characters, from public Twitter accounts.
This process yielded 3,296 posts. Posts containing im-
minent threats of violence were flagged and reported
to platform moderators before inclusion in the dataset.
Each post was independently annotated by all three an-
notators. The final dataset reflects consensus labels,
with disagreements resolved through structured discus-
sion protocols prioritizing lived experience perspectives
when annotators’ backgrounds differed.

Informed Consent

All annotators provided informed consent and were ex-
plicitly informed that:

 Their work would contribute to a research publica-
tion

* The resulting dataset would be publicly released
under an open license

* The content involved financially distressing and
potentially emotionally difficult material
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* They could withdraw from the project at any time
without penalty

No personally identifying information about annota-
tors is included in any released materials.

Compensation

Annotators were compensated at 10 Indian Rupees
(INR) per post labeled. Each annotator independently
labeled all 2,408 posts, receiving a total of 24,080 INR
(approximately $270 USD at time of compensation) for
approximately 70 hours of work (collection and annota-
tion combined). This corresponds to an hourly rate of
344 INR/hour ($3.88 USD/hour).

We acknowledge that this compensation rate is below
minimum wage standards in high-income countries such
as the United States ($7.25 USD/hour federal minimum).
However, this rate aligns with standard compensation
for undergraduate research assistants in our geographic
context (India), where the cost of living is substantially
lower and typical undergraduate research assistant rates
range from 200—400 INR/hour. We recognize ongoing
debates in the NLP community regarding equitable com-
pensation for annotation labor and commit to adhering
to local fair-wage standards while acknowledging the
global disparities in compensation norms.

Annotator Well-Being

Given the potentially distressing nature of financial hard-
ship narratives, we implemented the following safe-
guards:

* Annotators were encouraged to take breaks as
needed.

* Weekly check-ins were conducted to assess emo-
tional and mental impact.

* No annotator reported significant distress requiring
intervention.

Appendix B: Taxonomy Details and
Examples

This appendix provides detailed operational definitions,
key indicators, and illustrative examples for each cate-
gory within the dual-level taxonomy of Speaker Intent
and Potential Impact. It is intended as a reference for
annotators and researchers applying this framework. All
examples are mentioned here are sanitized for academic
publication.

Part A: Speaker Intent Taxonomy

This section details the seven categories used to classify

the observable functional intent of a speaker’s message.
1. Strategic Incitement

Definition: Language used as a calculated means to
achieve a political or ideological goal, such as radi-
calizing others, polarizing opinion, or mobilizing a
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group. Often uses coded language, misinformation,
or strategic narratives.

Key Indicators:

* Use of coded language or dog whistles to
maintain plausible deniability.

* Strategic deployment of misinformation or
conspiracy theories targeting a group.

» Language designed to radicalize, recruit, or
mobilize followers.

* An instrumental tone focused on achieving
specific political outcomes.

* Appeals to in-group solidarity against a per-
ceived external threat posed by another group.

2. Ideological Expression

Definition: Language that articulates a hateful
worldview or belief system as a matter of convic-
tion. The primary goal is the expression of the
value itself, not a further strategic objective.

Key Indicators:

* Declarative statements presenting hateful be-
liefs as facts or truths.

» Language with a principled or moralistic tone,
justifying hate based on an ideology.

* The act of stating the belief is the primary
communicative goal.

* References to a broader hateful worldview
(e.g., white supremacy, religious extremism).

3. Performative Reinforcement

Definition: Language intended to signal in-group
belonging and gain social approval within a com-
munity that shares hateful norms. Reinforces social
bonds through shared hateful expression.

Key Indicators:

* Use of in-group jargon, memes, or shared
hateful references.

* Language that seeks validation or agreement
from like-minded peers.

* The speech act serves to reinforce the
speaker’s identity as a member of the group.

» Often relies on inside jokes or tropes that are
hateful but may be opaque to outsiders.

. Affective Aggression

Definition: Language driven by a spontaneous and
intense emotional response, such as anger or frus-
tration. Typically reactive and occurs in the context
of an interpersonal conflict.

Key Indicators:
* High emotional valence; language is laden
with anger, rage, or frustration.

* Reactive nature, often appearing as a direct
reply in a heated exchange.



* Use of profanity, slurs, and direct insults.

* Lacks the calculated or strategic tone of other
categories.

5. Dominance & Subjugation

Definition: Language aimed at asserting power
over a target by humiliating, insulting, or degrading
them. Reinforces a social hierarchy and the target’s
perceived inferiority.

Key Indicators:

» Language that explicitly frames the target as
inferior or subordinate.

* Use of derogatory and humiliating insults tar-
geting a person’s identity.

* Aims to diminish the target’s social standing
and assert the speaker’s superiority.

* Objectification or mockery designed to de-
grade the target.

. Threat & Intimidation

Definition: Language that explicitly or implicitly
threatens a target with harm to instill fear and co-
erce them into silence or inaction.

Key Indicators:

* Explicit calls for violence or physical harm.

* Veiled or coded threats suggesting future
harm.

» Language intended to create a sense of fear or
danger.

» Coercive statements aimed at silencing the
target.

. Derisive Trolling

Definition: Language intended to provoke a strong
emotional reaction for the speaker’s amusement.
May also serve to disrupt conversations.

Key Indicators:

* Inflammatory, off-topic, or insincere com-
ments.

* Use of bad-faith questions or arguments ("just
asking questions").

* Clear intent to elicit an angry or emotional
response ("get a rise").

* May use hateful language instrumentally to
maximize the provocative effect.

individual. Includes severe insults, humiliation,
and targeted harassment.

Key Indicators:

* Intense, personal, and degrading insults tar-
geting an individual’s identity.

* Content that creates a reasonable fear for
one’s safety.

* Repeated and unwelcome harassment.

» Language intended to cause maximum humil-
iation or emotional pain.

. Incitement to Violence

Definition: Language that directly or indirectly
calls for, encourages, or glorifies physical violence
against a person or group based on their protected
characteristics.

Key Indicators:

¢ Direct calls to "attack," "kill," or "harm" mem-
bers of a group.

¢ Glorification of past acts of violence against
a group.

* Coded language that advocates for violence
(e.g., "day of the rope").

* Dehumanizing language used to justify physi-
cal harm.

. Incitement to Discrimination/Exclusion

Definition: Language that advocates for denying
a group their rights or excluding them from so-
cial, economic, or political life (e.g., jobs, housing,
public services).

Key Indicators:

* Calls to deny a group employment, housing,
or access to services.

* Advocating for segregation or the creation of
"[group]-free zones."

¢ Demands for the removal of a group’s civil
rights or political participation.

* Promoting policies that would systematically
disadvantage a protected group.

. Stigmatization & Dehumanization

Definition: Language that portrays a group as sub-
human (e.g., animals, vermin), inherently flawed,
or a societal blight. Strips the target of their hu-
manity.

Part B: Potential Impact Taxonomy Kev Indicat
ey Indicators:

This section details the eight categories used to clas-
sify the potential harms or consequences of a hateful
message.

* Metaphors comparing a group to animals, in-
sects, filth, or disease.
» Language that describes a group as a cancer

1. Psychological Harm or plague on society.

Definition: Language likely to cause significant
emotional distress, fear, or trauma in a targeted

* Treating people as objects or inherently infe-
rior beings.
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* Rhetoric that denies the target group’s capac- * Celebrating or minimizing historical atroci-
ity for human emotion or reason. ties (e.g., Holocaust denial).
 Using slogans, symbols, or imagery associ-

5. Normalization of Prejudice Lo,
ated with violent hateful movements.

Definition: Language that propagates stereotypes
and biased beliefs, making them seem socially ac-
ceptable and reinforcing systemic inequalities.

* Praising individuals who have committed hate
crimes.

Key Indicators:

* Presenting harmful stereotypes as common
sense or widely-held beliefs.

» Using generalizations to attribute negative
traits to all members of a group.

» Hateful or biased jokes that trivialize preju-
dice.

* Casual use of derogatory language in a way
that implies it is normal.

6. Disruption of Public Discourse
Definition: Language that makes online spaces
hostile and unusable for targeted groups, chilling
speech and silencing marginalized voices through
intimidation or harassment.

Key Indicators:

» Coordinated harassment campaigns (dogpil-
ing) to drive a user offline.

* Creating a toxic environment where members
of a group feel unsafe to participate.

* Using threats or abuse to shut down conversa-
tions on specific topics.

* Overwhelming a target with hateful messages
to silence them.

7. Misinformation/Disinformation Nexus

Definition: Hate speech that relies on or spreads
harmful falsehoods about a protected group to jus-
tify hatred, discrimination, or violence.

Key Indicators:

* Citing false statistics or fabricated stories to
portray a group as dangerous.

* Spreading known conspiracy theories that tar-
get a specific group (e.g., QAnon, antisemitic
tropes).

* Using doctored images or videos to support a
hateful narrative.

* Falsely accusing a group of conspiring to
cause societal harm.

8. Glorification of Hate

Definition: Language that praises or supports hate-
ful ideologies, violent extremist groups, historical
atrocities, or perpetrators of hate crimes.

Key Indicators:

» Expressing admiration for historical hate fig-
ures (e.g., Hitler) or extremist groups (e.g.,
KKK).
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WARNING: Hateful Content, Reader discretion is advised.

Text: If you make a song criticizing Jews or praising Hitler, you get banned by every streaming platform.

If you make a song blaspheming God or worshipping Satan, you get to play the Grammy’s, the Super Bowl, the VMA’s.

To find out who rules over you...

Intent Labels: ["Strategic Incitement", "Ideological Expression"]

Impact Labels: ["Normalization of Prejudice", "Disruption of Public Discourse", "Misinformation/Disinformation Nexus"]

Text: Why are niggers still living in the US if it’s so evil

racist? Why didn’t you return to your ancestral homes? Do you have a Stockholm syndrome?
T’1l tell you why: Even niggers don’t want to live next to other niggers, let alone in countries run by them.

Intent Labels: ["Ideological Expression”, "Affective Aggression"]

Impact Labels: ["Psychological Harm", "Incitement to Discrimination/Exclusion”, "Stigmatization & Dehumanization", "Normalization of
Prejudice”]

Text: Oh wow, another fascinating thread on the ’socioeconomic factors’ behind the vibrant cultural expression of looting a Foot Locker. Please,
enlighten me more. I'm on the edge of my seat. Is it because of redlining that someone is curb-stomping a tourist for his iPhone? Is it the legacy of
slavery that causes a pack of them to beat a store clerk unconscious? My tiny brain just can’t comprehend the complex historical forces at play. Or,
and hear me out, maybe... just maybe... they’re violent criminals who belong in cages? Nah, couldn’t be. That’s too simple. Let’s get another
50-tweet thread from a gender studies major to explain it to me.

Intent Labels: ["Derisive Trolling"]

Impact Labels: ["Disruption of Public Discourse","Normalization of Prejudice"]

Text: I'm not a racist, I'm a realist. I'm just looking at the patterns. Why is it that when a neighborhood’s demographic shifts past a certain
percentage, the crime rates, school quality, and property values invariably plummet? This isn’t an isolated incident; it happens with predictable
regularity across the country. Are we not allowed to ask why? Are we not allowed to discuss the observable reality that forced integration
consistently leads to the degradation of stable communities? The media will call you a bigot for even pointing this out. But if one variable
consistently produces the same negative outcome, don’t you have a responsibility to question the premise? I'm just asking questions that everyone
is thinking but is too afraid to say out loud. What is the actual end game here?

Intent Labels: ["Strategic Incitement"]

Impact Labels: ["Misinformation/Disinformation Nexus","Normalization of Prejudice"]

Text: Check out this new Wojak meme I just saw. It’s the I love living in a diverse city’ soyjak. He’s got his little NPR tote bag and everything. In
the first panel he’s smiling. In the second panel, he’s looking over his shoulder nervously at a group of ’teens.” In the third, he’s getting his car
jacked. And in the last panel, he’s on the ground saying ’At least I'm not a racist!” LMAO. It’s funny because it’s true. Every single one of my
liberal friends who lives in the city has a story like this. They’ll never admit it, but they’re terrified. This is peak comedy right here.

Intent Labels: ["Derisive Trolling","Performative Reinforcement"]

Impact Labels: ["Normalization of Prejudice","Stigmatization & Dehumanization" ]

Table 1: This table contains explicit examples of hate speech, presented to illustrate the application of our taxonomy.
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Appendix C : Exploratory Dataset Analysis

Intent Label Distribution Impact Label Distribution
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Figure 5: Intent and Impact Label Distribution in I2-Hate Dataset. Left: Intent label frequencies show Strategic
Incitement (753 posts) and Ideological Expression (717 posts) as dominant categories, while Derisive Trolling
(383 posts) is least common. Right: Impact label frequencies reveal Normalization of Prejudice (896 posts) and
Stigmatization & Dehumanization (863 posts) as most prevalent consequences, with Glorification of Hate (444
posts) least frequent. The distribution reflects the multi-dimensional nature of hate speech, where single posts often
exhibit multiple labels simultaneously.
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Figure 6: Post Length Distribution by Intent Label. Boxplots showing word count distributions for each Intent
category. Strategic Incitement exhibits highest median length (142 words), reflecting verbose, manifesto-style
rhetoric aimed at mobilization. Ideological Expression shows similar verbosity (median 138 words), consistent with
detailed articulation of hateful worldviews. Performative Reinforcement demonstrates shortest median (121 words),
aligning with social media engagement optimization strategies favoring brevity.
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Top 2-grams by Intent Label
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Figure 7: Top 10 Most Frequent 2-grams by Intent Category. Each subplot reveals distinct lexical patterns

characterizing different Intent types. Affective Aggression: Reactive phrases (“just saw, idiot post™)
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indicating spontaneous emotional responses. Derisive Trolling: Provocative language (“trying understand,” “just
trying,” “feels like”) designed to elicit reactions. Dominance & Subjugation: Power-asserting phrases (“people
like,” “george soros,” “deep same”) aimed at degradation. Ideological Expression: Declarative statements (“george
soros,” “men like,” “lived nuance,” “black lives”) articulating worldviews. Performative Reinforcement: In-group
signaling (“due lol,” “doing wake,” “stay strong”) with community jargon. Strategic Incitement: Mobilizing
rhetoric (“george soros,” “federal reserve,” “american people,” “society foundations™) using conspiracy references.
Threat & Intimidation: Menacing language (“‘day reckoning,” “american people,” “reckoning coming”). These

lexical fingerprints provide interpretable features distinguishing Intent categories.
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Appendix D : Experimental Setup and
Reproducibility

Hyperparameter Configuration

All models were fine-tuned using identical hyperparam-
eter configurations to ensure fair comparison across
architectures. Table 2 presents the complete hyperpa-
rameter settings used for all experiments.

Parameter Value
Optimizer AdamW
Learning Rate Se-5
Learning Rate Schedule Linear with Warmup
Warmup Steps 500
Batch Size (Training) 16
Batch Size (Validation) 16
Batch Size (Test) 16
Number of Epochs 10
Early Stopping Patience 3 epochs
Weight Decay 0.01
Gradient Clipping (max norm) 1.0
Dropout Rate 0.2
Adam (3 0.9
Adam (2 0.999
Adam € le-8
Max Sequence Length 512 tokens

Loss Function Binary Cross-Entropy
Random Seed 42

Table 2: Complete hyperparameter configuration used
for all models.

Training dynamics: All models were trained with
a linear learning rate schedule including warmup over
the first 500 steps. Early stopping was configured to
halt training if validation loss did not improve for 3
consecutive epochs; however, no models triggered early
stopping within the 10-epoch limit, indicating that all
models converged or plateaued within this training du-
ration.

Computational Resources

All experiments were conducted on Kaggle’s cloud com-
puting platform using the following hardware configu-
ration:

* GPUs: Dual NVIDIA Tesla T4 (16GB memory
each)

* Training Strategy: PyTorch DataParallel for mod-
els fitting memory constraints

* CPU: 4-core Intel Xeon (exact model varies by
Kaggle allocation)

* RAM: 30GB system memory

* Storage: SSD-backed persistent storage

Training time: Total wall-clock time for all exper-
iments (15 models x 2 tasks = 30 training runs) was
approximately 10 hours.

Computational budget: Using Kaggle’s free tier
GPU quota (30 hours per week), the entire experimen-
tal pipeline incurred zero direct monetary cost. This
demonstrates the feasibility of reproducing our results
using freely available cloud computing resources, en-
hancing accessibility for researchers without institu-
tional GPU access.

Software Environment

Experiments were conducted using Kaggle’s standard
Python environment (as of October 2025). All depen-
dencies were installed via pip and conda. Key package
versions are listed below:

Package Version
Python 3.11.13
PyTorch 2.6.0+cul24
CUDA Toolkit 12.4
Transformers (Hugging Face) 4.52.4
scikit-learn 1.2.2
NumPy 1.26.4
Pandas 223
SentenceTransformers 4.1.0
tqdm 4.67.1
Matplotlib 3.7.1
Seaborn 0.12.2

Table 3: Software environment and package versions
used in all experiments.

Code and Data Release

Reproducibility statement: To facilitate reproducibil-
ity and enable future research, we release the complete
training and evaluation scripts, including model im-
plementations, data preprocessing pipelines, and visu-
alization code. Available at: https://github.com/
ps-research/I2-Hate. The I2-Hate dataset will be
released under the Creative Commons Attribution-
ShareAlike 4.0 International (CC-BY-SA 4.0) license,
upon acceptance.’. The Dataset will be released by the
name of 12-Hate on Hugging Face.

Attribution requirement: All uses of 12-Hate must
provide appropriate credit by citing this paper and ac-
knowledging the dataset.

AI Use Statement

For grammar correction, we utilized Al based writing
assistants, and Overleaf Al assistant, and for coding
tasks, we employed Claude Sonnet 4. It is important
to emphasize that the development of our ideas and the
execution of the research were entirely independent of
Al assistance.

3https: //creativecommons.org/licenses/by-sa/4.
o/

152


https://github.com/ps-research/I2-Hate
https://github.com/ps-research/I2-Hate
https://creativecommons.org/licenses/by-sa/4.0/
https://creativecommons.org/licenses/by-sa/4.0/

Appendix E : Detailed Per-Label Performance

M | Affective Aggression Derisive Trolling Domi & Subjugati i i i i ic Inci Threat & Intimidation
odel Name
| 71 P R | F1 P R | F1 P R | F1 P R | 71 P R | 1 P R | F1 P R

BERT-base 0.9257  0.9529  0.9000 ‘ 09150  0.8974 33 0.8750  0.9010 0.8505 0.8369  0.8613  0.8138 0.9067  0.9714 0.8500 0.8489  0.8408  0.8571 0.9 0.9294 0.9405
RoBERTa-base 0.9674 09468 0.9889 09333  0.9333 0.8696 09000 08411 | 0.8611 08671 08552 | 09139 09718 08625 | 0.8317 08456 08182 | 09277 09390 09167
HateBERT 09371 09647 09111 | 09139  0.9079 08529 08969 08131 | 08311 05146 08483 | 08930  0.9851 08250 | 08251 08389 08117 | 0.9091 09259  0.8929
Twitter-RoBERTa-Hate | 0.9497 09551 0.9444 08820  0.8256 08476 08641  0.8318 | 0.8108 0.9211 07241 | 08919 09706 08250 | 0.8433 08133 0.8766 | 0.9349 09204 09405
ToxicBERT 0.9302 0.8889 | 0.8903 08625 0.8385 08667  0.8305 08138 | 0.9079 09583 08625 | 08506 08506 08506 | 0.9048 0.9048  0.9048
DistilBERT 0.9364 0.9000 0.9007  0.8947  0.9067 | 0.8774  0.8857 0.8692 0.84 0.8980  0.9851 0.8250 0.8258  0.8205 0.8312 0.9302  0.9091 0.9524
DistilRoBERTa 0.9545 09333 | 0.8931 08452 0.9467 | 0.8635 08679 08598 0.9200 09600  0.9000 | 0.8469 08497 08442 | 0.9017 08764 09256
DistilBART-cnn 0.9297 09556 09143 0.9846 08533 | 08507 08333  0.8879 08345 | 0.8004 09848 08125 | 0.8477 08649 0.8312 | 0.9080 08778  0.9405
DeBERTa-v3-small 0.9341 0.9444 | 0.9200 09200 08558 08519 0.8598 08414 | 0.8816 09306 08375 | 08339 08366 08312 | 089290 0.8920  0.8929
XLM-RoBERTa-base | 0.9438 09333 09167  0.9565 0.8357  0.8396 0.8828 | 0.8844  0.9701 08067 08288  0.7857 | 0.9000 09474  0.8571
ELECTRA-small 0.8736 0.8444 ‘ 0.9103 0.8019  0.8300 0.8000 0.8082  0.8939 . 0.7958  0.8692  0.7338 0.8795  0.8902 0.8690
ELECTRA-base 0.9425 09111 08917 0. 0.8465 08426 08414 | 09200 0.9857 08625 | 0.8645 08590 08701 | 0.9398 0.9512  0.9286
ConvBERT-base 0.9153 0.9000 | 0.8974 08642 0.8708  0.8922 08345 | 08880 09315 0.8500 | 0.8449 08591 0.8312 | 0.9040 08602 0.9524
ALBERT-base-v2 0.9143 08889 08074  0.8642 0.8455 08230 08138 | 0.8767 09697 08000 | 08312 08312 08312 | 0.9048 0.9048  0.9048
BART-base 09556 09556 0.9556 | 0.9467  0.9467 08491 08571 08571  0.8662 08483 | 0.8904 09848 08125 | 08516 08462 08571 | 09231 09176 0.9286

Figure 8: Per-label performance of 15 transformer models on Intent classification. Each row represents a model;
columns show F1-score (F1), Precision (P) and Recall (R) for each of the 7 Intent labels. Best results per metric are
highlighted in bold. Models are grouped by architecture family for easier comparison.

Model Name | Disruption of Public Discourse _ Glorification of Hate  Incitement to Discrimination/Exclusion Incitement to Violence  Misi ion,/Disi ion Nexus ization of Prejudice ical Harm igmatization &
F1 P R | P R F1 P R ¥l P R F1 P R | F P R | F1 P R ¥l P R
BERT-base 0715 07840 06577 | 07735 088 07143 08611 07919 09023 00001 08955 | 08170 08621 07764 [ 06795 07626 06127 | 08058 08323 | 07671 08250 077
07668 07317 0.8054 08616 058169 08500 08201 08080 09023 08935 | 08411 0.9007 0TIT 07742 069 08177 08562 08726
[ 06982 05255 08585 09083 08131 | 07919 08613 06012 | 08021 05021
RoBERT:-Hate 07248 05841 08167 08791 00187 08433 | 08198 0.9508 0739 08150 0.9102
ToxicBERT [ 08523 07916 05T 08613 08%06 | 0.7766 08692 063 | 0822 05081
DistilBERT 0.6950 07835 08396 08071 08841 09101 | 07703 08444 06300 0.7940 07964
DistilRoBERT: omss | 05767 08318 08812 0903 08582 | 08179 0.9154 05896 | 05 08144
DistilBART-can 0.6013 052 0.9062 08708 08613 08806 | 0. 0.8623
DeBERTa-v3-small 071 | 0TS 0812 08617 09000 0.9286 05731 | 07670 07216
B 3 07865 08750 08288 08730 08571 08955 | 08038 08194 06369 057 08143
| 07186 0.869 08221 08741 08676 0.8806 | 07041  0.8868 | 05106 04162 05263
08057 08706 1 05879 08030 08832 09030 | 0.8469 08901 06790 06358 T 08333 08081 | 07902
| 08136 0.9114 07347 0.8667 05993 08631 0.9328 | 0389  0.9124 | 07345 07152 07514 | 05249 08176 0.8323 | 0.763 07011
07869 08471 0.7347 08738 2 08850 09131 08657 | 07978 0.8571 07453 0644 06705 06127 0.8369 08608 08144 | 07768 07283
07708 | 08367 08367 08367 | 08250 08010 0.8162 08769 09045 08507 | 08191 0.9091 07453 [ 0664 08276 05519 | 05320 07903 O8N02 | 0761 08305 07301

Figure 9: Per-label performance of 15 transformer models on Impact classification. Each row represents a model;
columns show Precision (P), Recall (R), F1-score (F1), for each of the 8 Impact labels. Best results per metric are
highlighted in bold.
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