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Abstract

Hateful speech detection is a key component
of content moderation, yet current evalua-
tion frameworks rarely assess why a text is
deemed hateful. We introduce HateXScore,
a four-component metric suite designed to
evaluate the reasoning quality of model ex-
planations. It assesses (i) conclusion explic-
itness, (ii) faithfulness and causal grounding
of quoted spans, (iii) protected group identifi-
cation (policy-configurable), and (iv) logical
consistency among these elements. Evaluated
on six diverse hate speech datasets, HateXS-
core is intended as a diagnostic complement to
reveal interpretability failures and annotation
inconsistencies that are invisible to standard
metrics like Accuracy or F1. Moreover, human
evaluation shows strong agreement with Ha-
teXScore, validating it as a practical tool for
trustworthy and transparent moderation.

Disclaimer: This paper contains sensitive con-
tent that may be disturbing to some readers.

1 Introduction

Hateful content remains a persistent challenge, with
over 10% online posts estimated to contain hateful
content (Fortuna and Nunes, 2018). In response,
platforms are increasingly relying on automated
approaches for content moderation (Vidgen et al.,
2019; Mozafari et al., 2019; Hee et al., 2024). Al-
though classification accuracy has improved, re-
cent regulatory frameworks such as the EU Digital
Services Act! underscore the growing demand for
transparency in automated decisions.

In hate speech detection, such transparency is
critical. Misclassifying harmful content risks per-
petuating harm, while over-policing benign speech
may suppress legitimate expression (ElSherief
et al., 2021). Even accurate models can fail silently
by relying on spurious features or ignoring implicit

1https ://www.eu-digital-services-act.com/
Digital_Services_Act_Article_17.html

hate. Moderation systems must therefore justify not
just what decision was made, but why (Wang et al.,
2023).

Existing explanation evaluation methods have
assessed whether highlighted tokens align with the
predicted label (Arras et al., 2017) or measure over-
lap with human-annotated rationales (Mathew et al.,
2021; ElSherief et al., 2021). However, these ap-
proaches do not ask whether the explanation quotes
the harmful span, whether removing it changes the
prediction, or whether the explanation correctly
identifies the targeted group.

These gaps are further compounded by the sub-
jectivity of hate speech annotation (Sap et al.,
2019). A model may produce a faithful, well-
reasoned explanation that challenges an ambigu-
ous or flawed label, but still be penalized by label-
centric metrics. A model that highlights a slur and
explains its harm may offer a more faithful interpre-
tation than the label allows. This disconnect high-
lights the need for an evaluation framework that
accounts not just for prediction correctness, but for
the underlying reasoning. This issue is amplified
when annotation disagreement is present, where
LLMs may appear confident despite contested la-
bels (Lu et al., 2025).

To address these challenges, we introduce Ha-
teXScore, a metric suite that evaluates explana-
tion quality across four dimensions: explicitness of
the conclusion, faithfulness of quoted spans with
causal impact, identification of protected groups un-
der configurable policies, and internal consistency
among these elements. Figure 1 shows an applica-
tion of HateXScore to an explanation generated
by a large language model (LLM) for a sample
from the HateXplain dataset (Mathew et al., 2021).
The model’s prediction is deemed incorrect only be-
cause it disagrees with the dataset label. In contrast,
HateXScore assigns a high score to the generated
explanation, indicating that the model provides a
coherent justification for its decision. In such cases,
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Text: Anyway you all see these euro n*ggas
dangerous mof*ckas. (from HateXplain)

Golden Label: Non-hateful

Model Reasoning

Reasoning: The text uses the racial slur
“ﬁ*ggas,” targeting Black people, a protected
class, and portrays the referenced group as
“dangerous mof*ckas.” Using a slur together with
a negative characterization clearly constitutes hate
speech. Conclusion: the text is hateful.

Prediction: Hateful
Label: Non-hateful

1.Hate-Type Check (HTC): 1
(The reasoning contains a clear conclusion)
2. Quotation Faithfulness (QF) : 1
(Quotations highlighted in purple, which contribute
to the hateful content)
3. Target-Group Identification (TGI): 1
(Target-group highlighted in blue)
4. Consistency Check (CC): 1
(The prediction is hateful, and the Quotation
exhibits Faithfulness while also identifying the Target-
Group)

HateXScore: 1.0 (avg of HTC, QF, TGI, CC)

I @ HateXscore Eval

? What is the quality of explanation?

Figure 1: An example of a hate speech detection scored using HateXScore.

human moderators may concur with the model and
view the gold label as debatable. This example
highlights HateXScore as a diagnostic signal that
can surface well-justified explanations under pre-
diction—label mismatch, thereby helping identify
potentially unreliable annotations in hate speech
datasets. Accordingly, while Accuracy and F1 quan-
tify agreement with dataset labels, HateXScore
evaluates the quality of the model’s justification for
its own prediction.

We summarize our contribution as follows: (i)
We propose HateXScore, a novel suite of met-
rics to evaluate the quality of model explanations
for hate speech detection. (ii) We conducted ex-
periments to evaluate the explanations generated
by models on six hate speech datasets, spanning
English, Chinese, and Korean, enabling multilin-
gual analysis. Our experiments demonstrated that
HateXScore uncovers explanation failures and an-
notation inconsistencies that standard metrics over-
look. (iii) We validate HateXScore through human
evaluation and case studies, showing its alignment
with human judgment and its capacity to surface
hidden annotation disagreements.

2 Related work

2.1 Hate Speech Detection

Hate speech detection has received increasing atten-
tion due to the growth of content posted by users on
social media (Davidson et al., 2017; Schmidt and
Wiegand, 2017; Zampieri et al., 2019; Lin et al.,
2021). Early systems employed lexicons and sim-
ple classifiers, such as SVMs or logistic regression
(Talat and Hovy, 2016), which could detect ex-
plicit slurs but struggled with implicit or contextual

hate (Vidgen and Derczynski, 2020).

Recent advances use deep models like
BERT (Mozafari et al., 2019) and RoBERTa (Liu
et al., 2019), improving accuracy by capturing
semantic and syntactic context (Abusager et al.,
2025; Ghorbanpour et al., 2025). Work has
also extended to multilingual (Das et al., 2024;
Pamungkas and Patti, 2019; Basile et al., 2019;
Xiao et al., 2024; Ng et al., 2024), multimodal (Lee
et al., 2021, 2024) and fine-grained hate detection
(e.g., racism, sexism, homophobia), reflecting the
field’s growing sensitivity to hate’s varied forms.
However, most work still relies on Accuracy or
F1, giving little insight into model reasoning,
motivating explanation-based evaluation.

2.2 Hate Speech Explanation

Efforts to evaluate explanations in hate speech
models remain limited. Task fidelity approaches
test alignment between highlighted tokens and pre-
dicted labels (Arras et al., 2017), while overlap
metrics compare model spans with human ratio-
nales (Mathew et al., 2021; ElSherief et al., 2021).
Data imbalance has also motivated augmentation
approaches (Cao and Lee, 2020). While informa-
tive, these methods ignore whether models quote
the harmful span, link it causally to predictions, or
identify the targeted group. Subjectivity in annota-
tions further complicates the evaluation. In HateX-
plain (Mathew et al., 2021), reclaimed slurs may be
labeled non-hateful by some annotators and hateful
by others. In ImplicitHate (ElSherief et al., 2021),
indirect expressions lead to inconsistent labels. In
such cases, a model may provide a well-reasoned
explanation that conflicts with the majority label,
something conventional metrics are ill-equipped to
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capture.

Existing explanation frameworks also treat de-
cision correctness and explanation quality sep-
arately (Piot and Parapar, 2024; Nghiem and
Daumé I, 2024; Danilevsky et al., 2020). Re-
cent work also shows that linguistically structured
and interpretable explanations can speed up human
moderation without sacrificing accuracy (Calabrese
et al., 2024), reinforcing the importance of inter-
pretable reasoning frameworks such as HateXS-
core. Approaches such as causal masking (DeY-
oung et al., 2019) test the importance of the expla-
nation, but are rarely adapted to hate speech, and
rarely account for identity group targeting, a core
aspect of hateful intent. Recent work highlights
reasoning-based explanations and LLMs in hate-
speech detection. Roy et al. (2023) explore causal
reasoning for hate speech classification, improv-
ing interpretability but without focusing on policy
alignment or protected group identification. Yang
et al. (2023) propose HARE, which emphasizes
stepwise reasoning, sharing HateXScore’s focus on
explanation structure but lacking cross-verification
of explanations with target groups or measurement
of overall consistency. Wang et al. (2023) evalu-
ate GPT-generated explanations with human judg-
ments but do not capture the multi-faceted causal
and group recognition aspects that HateXScore
quantifies. Balkir et al. (2022) offer necessity and
sufficiency measures for causal token importance
similar to HateXScore’s Quotation Faithfulness
sub-metric, but without integrating policy-aware
group detection or coherence checks. HateModer-
ate (Zheng et al., 2023) aligns models with mod-
eration policies but does not analyze explanation
structure. HateXScore uniquely integrates causal
validation, policy-aware group recognition, con-
sistency checks, and explicit conclusions in one
interpretable suite. This integration allows a com-
prehensive, policy-aware assessment of hate speech
explanations that goes beyond prior approaches.

3 Metrics Design

HateXScore evaluates the quality of hate speech
explanations across four complementary compo-
nents. Each component targets a distinct aspect of
reasoning, including conclusion explicitness, faith-
fulness and causal grounding of quoted spans, pro-
tected group identification (policy-configurable),
and logical consistency.

Let T" denote the input text, y € {0, 1} the label

(non-hateful or hateful), and g the predicted label.
The model also generates a natural-language expla-
nation £ = E(T), from which we extract a set of
quoted rationales Q C T'. Let p(T") € [0, 1] be the
model’s estimated probability that a given text 7" is
hateful. We define an indicator function as follows:

1, if the argument is true
I(y=4" ’ 1
) {O7 otherwise. M

3.1 Hate-Type Check (HTC)

HTC assesses whether the explanation explicitly
states a conclusion regarding the input text’s hateful
or non-hateful nature. It is computed as:

HTC(E,y) = I(F contains a conclusion statement) (2)

This binary check ensures that explanations con-
tain a definitive decision rather than ambiguous or
missing judgments. The implementation leverages
simple string matching over the explanation to de-
tect presence of conclusive keywords such as “text
is hateful” or “text is non-hateful”.

3.2 Quotation Faithfulness (QF)

QF jointly assesses (1) whether a non-trivial span
from T is quoted, and (2) whether this span causally
influences the prediction.

First, the explanation’s quoted spans @ =
q1, 92, --- are extracted by overlapping normalized
tokens between the explanation and the input text
T'. If the explanation trivially quotes the entire in-
put text (Q = {T'}), QF is set to 0 to prevent trivial
or uninformative explanations. Then, We mask all
spans in () from 7" (with “[MASK]”, using both ex-
act and fuzzy matching via re 2 and fuzzysearch %),
and compute model probabilities on both original
and masked texts (Porig, Pmask)- Then:

0, ifQ=0or{T}
QF(T, Q,9) = { porig — Pmask|, g=1
1-— |p07‘ig - pmask|, :0 =0

3.3 Target-Group Identification (TGI)

TGI checks whether the explanation correctly rec-
ognizes a protected or sensitive group (e.g., race,
religion, gender) referenced in the hateful text. Our
implementation includes a comprehensive, multi-
lingual inventory of protected groups sourced from

*https://docs.python.org/3/library/re.html
3https://github.com/taleinat/fuzzysearch
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the United Nations’ official definitions of hate tar-
gets, covering race, religion, gender, disability, and
more, with lists available in multiple languages
as released by the UN. In addition, several com-
monly used corporate policy lists (e.g., Meta, Twit-
ter, YouTube, etc) are pre-integrated and selectable
by the user. Users may also supply their own cus-
tom group lists in the form of a dictionary, enabling
full configurability for specific research or regula-
tory requirements. For all experiments in this paper,
we default to the United Nations Targets of Hate
as the reference list. The full list can be found in
Appendix A.6.

We then extract all n-grams (up to trigrams) from
the explanation, using language-appropriate tok-
enization (spaCy, jieba or KoNLPy), and match-
ing them in lemmatized form against the pro-
tected group list. We choose up to trigrams be-
cause shorter n-grams (unigrams and bigrams) cap-
ture single-word or phrase-level mentions, while
trigrams allow detection of more specific multi-
word expressions (e.g., “African American people”,
“transgender women community”). For hateful sam-
ples, we further validate that the explanation ties
the identified group to hateful context, using NER
and part-of-speech patterns to check for direct re-
lationships (e.g., verbs, adjectives). If a group is
mentioned without connection to hateful content,
TGl is set to 0.

Concretely, we define a predefined set G of pro-
tected group terms based on company policies. The
detection involves extracting lemmatized n-grams
(up to trigrams) set e from the explanation E and
matching them against similarly processed target
group lists G. Then

1, ifenG#0
0, otherwise

TGI(e, G) = { 4)

3.4 Consistency Check (CC)

CC evaluates whether the model’s reasoning is log-
ically coherent with respect to its decision, the
causal evidence (QF), and the identification of pro-
tected groups (TGI). We treat CC as a diagnostic
indicator rather than an independent contribution
to explanation quality. Formally, CC verifies that a
hateful prediction is supported by both (i) a mean-
ingful quoted span with a strong causal effect and
(ii) correct target-group identification. Conversely,
a non-hateful prediction should generally lack such
causal evidence or target reference. We generalize
the criterion using a variable threshold 7 € [0, 1],

which is user-configurable:

hateful, QF > 7, TGI = 1
hateful, otherwise

on-hate, QF < 7, TGl =0
on-hate, otherwise

I

CC(§, QF, TGI) =

=1

L g
0, 9
L9
0, 9=

)
To examine robustness, we perform sensitivity
analysis by varying 7 in the range [0.1, 0.9] with
increments of 0.1 in Appendix A.4. For each thresh-
old, we recompute CC and the resulting HateXS-
core, then visualize the relationship between 7 and
the average metric across datasets and models. As
shown in the sensitivity curves, CC and HateXS-
core both decrease smoothly as 7 increases, reflect-
ing that higher thresholds impose stricter consis-
tency requirements. The ranking of models stays
similar across 7 € [0.1,0.3]. Our goal is to reward
even partially faithful quotations and to capture
moderate alignment between explanation and de-
cision, we adopt a relatively lenient cutoff of 7% =
0.3 for all main experiments. Complete threshold-
sweep results are reported in Appendix A.4.

3.5 HateXScore: Overall Reasoning Quality
We compute the final HateXScore score as:

(HTC + QF + TGI + CC)
4

HateXScore = ©)

HateXScore ranges from 0 to 1, integrating con-
clusion presence with quotation faithfulness, tar-
geted group recognition, and logical consistency.
Together, these dimensions provide a principled
and interpretable metric for evaluating model rea-
soning in hate speech detection.

We use an unweighted average as a transparent
default aggregation. The four components capture
complementary requirements for a usable modera-
tion rationale, and we therefore treat them as jointly
necessary rather than optional. In our analysis, we
report and interpret the four sub-metrics alongside
the aggregate score. Practitioners may re-weight
components to reflect application-specific policies,
such as, emphasizing TGI for compliance. In this
paper, we focus on equal weights for interpretabil-
ity and ease of adoption.

3.6 Preprocessing and Tokenization

We implement all components in an automated
pipeline, leveraging the spaCy * library for lemma-
tization and named entity recognition (NER), regu-
lar expressions for span matching, and support for

*https://spacy.io/
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flexible protected-group inventories for different
platform or policy requirements. To ensure accurate
and language-appropriate analysis, our pipeline
supports flexible selection of tokenizers for text
normalization and span extraction. For English and
other European languages, we rely on the spaCy
library for tokenization, lemmatization, and named
entity recognition (NER). For Chinese-language
content, as in the ToxiCN dataset, we use the jieba 3
tokenizer, which is better suited to the segmenta-
tion requirements of Chinese text. For Korean, we
used KoNLPy ¢ as tokenizer. The codebase allows
users to specify the tokenizer most appropriate for
their target language, and seamlessly integrates ad-
ditional tokenizers for further language expansion.

4 Experiment Setup

4.1 Datasets

We evaluate models on six widely used hate speech
datasets: HateXplain (Mathew et al., 2021), Hate-
Check (Rottger et al., 2020), Latent Hatred (EISh-
erief et al., 2021), HASOC (Mandl et al., 2020),
ToxiCN (Lu et al., 2023) and KOLD (Jeong et al.,
2022). These datasets span diverse linguistic con-
texts, target groups, and forms of hate, including
both explicit and implicit expressions. Notably,
ToxiCN focuses on Chinese-language content and
KOLD on Korean content, enabling evaluation in
non-English settings. There are 1,370 (HateXplain),
2,864 (Latent Hatred), 1,592 (HASOC), 3,728 (Hat-
eCheck), 2,411 (ToxiCN) and 4,000 (KOLD) sam-
ples. See Appendix A.1 for full dataset details.

4.2 Models

To examine how model architecture and scale influ-
ence explanation quality, we evaluate seven large
language models from different families: GPT-
40 (Achiam et al., 2023), LLaMA-8B (Dubey
et al., 2024), Mistral-7B (Jiang et al., 2023), Qwen-
7B (Bai et al., 2023), and the Gemma series (Team
et al., 2024a,b) (Gemma-2B, Gemma-9B, Gemma-
27B). Each model is prompted to produce a bi-
nary hatefulness label and a corresponding free-
text explanation. All models were prompted using
a standardized instruction, shown in Appendix A.7.
Outputs are truncated at 512 tokens, and no task-
specific fine-tuning is applied. This setup reflects
real-world, O-shot use of generative LLMs in mod-
eration workflows.

Shttps://github.com/fxsjy/jieba
®http://konlpy.org/ko/latest

While our main experiments adopt the common
0-shot deployment setting, HateXScore is not tied
to any specific prompting regime. We also provide a
2-shot robustness check in Appendix A.5, showing
that the qualitative trends are consistent under light
few-shot prompting.

4.3 Evaluation Metrics

We evaluate models using both traditional classifi-
cation metrics and HateXScore.

4.3.1 Classification Metrics

Accuracy and macro-F1 are reported to capture
classification performance. However, these metrics
do not capture the quality of the models’ explana-
tion on their decisions.

4.3.2 HateXScore

We compute all four sub-metrics defined in Sec-
tion 3 for every model-generated explanation. The
final score, ranging from O to 1, reflects a model’s
ability to generate coherent, faithful, and complete
justifications for its decisions.

4.4 Human Evaluation

To evaluate how well HateXScore aligns with hu-
man judgments, we conducted a human annotation
study focused on English and Chinese datasets (Ha-
teXplain, Latent Hatred and ToxiCN) due to the
availability of qualified bilingual annotators. We
randomly sampled 600 GPT-40-generated explana-
tions (300 hateful, 300 non-hateful) from across our
evaluation sets. Each instance included the input
text, model prediction and explanation.

Three expert annotators who are fluent in En-
glish and Chinese, with experience in hate speech
moderation, were asked to assess:

* Whether the explanation quotes relevant text
and if the quoted text influences the prediction.
A score of 1 was assigned when the explana-
tion explicitly quotes a text segment that di-
rectly affects the hateful or non-hateful classi-
fication and clearly articulates the causal link.
A score of 0 was given when the quoted con-
tent was missing or irrelevant.

* Whether the explanation identifies the correct
targeted group. If the explanation mentions
a protected group that matches the harmful
context in the input, TGI = 1. When no group
is identified or the reference is incorrect, TGI=
0. Annotators referenced the protected-group
categories listed in Appendix A.6.
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* Whether they think the text is hateful or non-
hateful (0 = non-hateful, 1 = hateful)

We only manually annotate QF and TGI as they
require semantic judgment. HTC is verified deter-
ministically from the required conclusion line in
the explanation, and CC is computed determinis-
tically from ¢, QF and TGI given 7. As a result,
separately collecting human labels for HTC or CC
would not yield an independent signal.

We report aggregated scores and inter-annotator
agreement in Section 5.3. In Section 5.3, to directly
assess alignment between HateXScore and human
judgments, we threshold the model’s continuous
QF/TGI scores using the same 7 as in the met-
ric definition, treat the binarized model outputs as
an additional rater, and report Fleiss’ x between
the model and human annotators. This evaluation
serves to validate HateXScore as a faithful proxy
for human-aligned explanation quality.

4.5 Implementation Details

For generating explanations from the evaluated lan-
guage models, we used greedy decoding with a tem-
perature set to 0.0, which deterministically selects
the most likely next token at each step, resulting in
consistent outputs for closed-source models (GPT-
40). In contrast, for open-source models accessed
via the OpenRouter API with two NVIDIA A40
GPUs, we utilized top-p sampling with a cumula-
tive probability threshold p = 0.9 and a temper-
ature of 0.7. All experiments were repeated three
times, and the average values were reported.

5 Results and Analysis
5.1 Dataset-Level Analysis

We begin by analyzing explanation quality across
datasets, grouped by the nature of hate expressed:
explicit hate (HateXplain, HateCheck), implicit
hate (Latent Hatred, HASOC) and non-English cor-
pora (ToxiCN, KOLD). This contrast reveals how
different types of linguistic aggression interact with
sub-metrics in HateXScore, exposing patterns that
conventional metrics fail to uncover.

Explicit Hate. Across datasets with explicit
hate such as HateXplain and HateCheck, almost
all models state a clear decision in their explana-
tions, yet only a subset produce rationales that are
both causally grounded and policy aligned. GPT-40
leads on both datasets with strong quotation faith-
fulness and high consistency, while Qwen 7B and
Gemma 9B follow at a short distance. In contrast,

models like Mistral 7B and the smallest Gemma
variant often quote irrelevant spans or fail to tie
quoted content to the final decision, which sup-
presses their HateXScore despite competitive ac-
curacy. These outcomes illustrate that explicit hate
is easy to label but still demands careful grounding
of evidence and target recognition to reach a high
explanation score.

Implicit Hate. When hate is implicit or nuanced,
as in Latent Hatred and HASOC, explanation qual-
ity separates the model families more sharply. HTC
remains high because most systems format an ex-
plicit conclusion, but the quotation and consis-
tency signals vary widely. On Latent Hatred, Qwen
7B reaches the strongest overall reasoning score
among open models through reliable target group
identification, yet its quotation faithfulness remains
moderate, which indicates that part of the rationale
is not fully causal. On HASOC, GPT-40 obtains
the highest HateXScore through strong causal ev-
idence yet still shows gaps in target identification,
confirming that oblique attacks on identity are chal-
lenging even for high end systems. These findings
stress that success on implicit hate requires both
precise span selection and robust semantic linking
between evidence and targeted groups.

Non-English Hate. On KOLD, GPT-40 delivers
a very high HateXScore driven by near perfect
target group identification and near perfect inter-
nal consistency. Gemma 9B reaches a similarly
strong overall score with balanced quotation and
consistency, while Qwen 7B ranks close behind and
clearly ahead of several larger models. On ToxiCN,
Qwen 7B achieves competitive overall reasoning
with high target recognition and solid quotation,
and GPT-40 maintains strong causal grounding but
shows lower accuracy than on English tests. These
results affirm that the metric suite operates effec-
tively across different languages when appropriate
tokenizers and group lexicons are used. In contrast,
traditional metrics cannot reflect reasoning qual-
ity, whereas HateXScore captures whether mod-
els ground their judgments in contextually relevant
expressions and culturally specific slurs.

5.2 Model-Level Analysis

We examine how model size and architecture affect
explanation quality across datasets, using HateXS-
core and its sub-metrics. Table 1 reveals that while
larger models tend to improve overall prediction
accuracy, this improvement does not necessarily
translate into better explanations. The Gemma se-
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Dataset Model HTC QF TGI CC HateXScore \ Accuracy F1
GPT-40 1.000 0.677 0.980 0.866 0.881 0.766 0.750
LLaMA-8B  1.000 0.640 0.879 0.788 0.827 0.635 0.630
Qwen-7B 1.000 0.607 0.888 0.798 0.823 0.702 0.647
HateXplain ~ Mistral-7B 1.000  0.195 0.815 0.320 0.583 0.670 0.543
Gemma-2b 1.000 0.294 0.676 0.294 0.566 0.310 0.556
Gemma-9b 1.000 0.447 0.887 0.595 0.732 0.555 0.595
Gemma-27b  1.000 0.365 0.897 0.630 0.723 0.571 0.599
GPT-40 1.000  0.677 0.776 0.861 0.829 0.723 0.681
LLaMA-8B  1.000 0.529 0.775 0.809 0.778 0.649 0.623
Qwen-7B 1.000  0.572 0.836 0.780 0.797 0.587 0.611
Latent Hatred  Mistral-7B 1.000 0.216 0.726 0.316 0.565 0.403 0.558
Gemma-2b 1.000  0.275 0.781 0.410 0.617 0.433 0.570
Gemma-9b 1.000 0485 0.819 0.616 0.730 0.473 0.588
Gemma-27b  1.000 0.443 0.802 0.653 0.725 0.485 0.594
GPT-40 1.000 0.850 0.527 0.949 0.832 0.562 0.320
LLaMA-8B  0.997 0.604 0.403 0.831 0.709 0.594 0.420
Qwen-7B 1.000 0.657 0.588 0.741 0.747 0.616 0.636
HASOC Mistral-7B 1.000 0.385 0.452 0.284 0.530 0.572 0.682
Gemma-2b 1.000 0.383 0477 0.282 0.536 0.597 0.711
Gemma-9b 1.000  0.460 0.590 0.683 0.683 0.606 0.592
Gemma-27b  1.000 0.295 0.551 0.711 0.639 0.646 0.608
GPT-40 1.000 0.813 0.889 0.900 0.901 0.922 0.947
LLaMA-8B  0.995 0.751 0.858 0.796 0.850 0.927 0.949
Qwen-7B 1.000 0.632 0.822 0.745 0.800 0.832 0.869
HateCheck Mistral-7B 1.000 0.156 0.807 0.240 0.551 0.853 0.825
Gemma-2b 1.000  0.096 0.567 0.138 0.450 0.704 0.821
Gemma-9b 1.000 0.554 0.894 0.685 0.783 0.838 0.895
Gemma-27b  1.000 0.334 0907 0.667 0.727 0.851 0.902
GPT-40 1.000 0.774 0.923 0.925 0.906 0.686 0.629
LLaMA-8B  0.538 0.359 0.460 0.549 0.477 0.656 0.647
Qwen-7B 0.892 0.688 0.824 0.851 0.814 0.677 0.715
ToxiCN Mistral-7B 0.939 0.298 0.564 0.389 0.548 0.653 0.700
Gemma-2b 0917 0.371 0941 0.636 0.716 0.457 0.730
Gemma-9b 0942 0.449 0.701 0.536 0.657 0.698 0.740
Gemma-27b  0.962 0.489 0.908 0.733 0.733 0.730 0.747
GPT-40 1.000 0.792 0.997 0.980 0.942 0.741 0.657
LLaMA-8B 0466 0.352 0.845 0.572 0.559 0.530 0.371
Qwen-7B 0.731 0.676 0.987 0.890 0.821 0.620 0.417
KOLD Mistral-7B 0.643 0.217 0357 0425 0411 0.552 0.470
Gemma-2b 0.822 0.145 0975 0.343 0.571 0.667 0.708
Gemma-9b 0939 0.612 0.983 0.803 0.834 0.740 0.771
Gemma-27b  0.923 0.487 1.000 0.767 0.794 0.725 0.734

Table 1: Summary of HateXScore, sub-metrics and general metrics (Accuracy and F1 score) in different models
for the evaluated datasets. Highest and second-highest scores are bold and underline, respectively.

ries (2B, 9B, 27B) illustrates the limits of scaling.
Although Accuracy improves steadily with model
size, gains in QF and CC remain marginal or even
regress. For example, Gemma-2B achieves a QF of
0.294 on HateXplain, which increases only mod-
estly to 0.365 for Gemma-27B. Similar stagnation
is observed in Latent Hatred and HASOC, suggest-
ing that scaling amplifies memorization rather than
reasoning depth. In contrast, GPT-40 and Qwen-
7B maintain high HateXScore values even in low-
resource languages, confirming that their explana-
tion quality is driven by reasoning capability and
not dataset familiarity.

When analyzing multilingual performance, Ha-

teXScore proves especially revealing. In ToxiCN
and KOLD, traditional metrics yield moderate
F1 scores, yet HateXScore sharply differentiates
models that truly understand cross-lingual hate ex-
pressions. GPT-40 achieves 0.942 on KOLD by
producing explanations that correctly link racial or
gendered expressions to corresponding protected
groups, while smaller models with similar Accu-
racy fail to justify their predictions coherently.

5.3 HateXScore Alignment with Human
Evaluation

To ensure a fair comparison between model and
human judgments of QF, we first address the scale

4227



Condition Prefery  Prefer y
HateXScore > 0.5 0.748 0.252
HateXScore <= 0.5 0.227 0.773

Table 2: Annotator preferences when the model’s predic-
tion (¢) conflicts with the label (y), i.e., y # g, stratified
by high vs. low HateXScore.

mismatch. The model produces real-valued QF
scores in [0, 1], whereas annotators assign binary
judgments (0 or 1). We therefore normalize the
model’s QF using the same threshold 7 introduced
in Section 3.4. Specifically, if Q) Fnogel > 7, the
value is normalized to 1; otherwise, 0. We then
compute inter-rater agreement Fleiss’ x by treating
the binarized model outputs as an additional rater
alongside the three human annotators. The resulting
k values are 0.783 (for QF) and 0.746 (for TGI), in-
dicating substantial agreement between the model
and human raters. For reference, inter-human agree-
ment (only the three annotators) reached x = 0.758
for QF and x = 0.731 for TGI, showing that the
model’s normalized judgments align with human
consensus almost as closely as humans align with
one another.

We further investigated whether HateXScore
helps adjudicate disagreements between model pre-
dictions and dataset labels. When the predicted
label differed from the label, annotators tended to
trust the model’s prediction if its explanation re-
ceived a high HateXScore. Specifically, as shown
in Table 2, annotators preferred the model’s pre-
diction 74.8% of the time when the HateXScore
exceeded 0.5. In contrast, when the explanation
scored below 0.5, the annotators sided with the
dataset label in 77.3% of cases.

These results show that HateXScore functions
as a diagnostic framework rather than a substitute
for human evaluation. It detects well-reasoned dis-
agreements where models challenge ambiguous la-
bels and poorly reasoned agreements where labels
are matched without justification. This diagnostic
ability is crucial in hate-speech detection, where
subjectivity and socio-linguistic variation cause in-
consistent annotations.

6 Case Studies

6.1 Controversial Label Example

Even high-quality hate speech datasets sometimes
contain ambiguous or mislabeled instances. These
edge cases offer critical opportunities to evaluate
whether HateXScore remains aligned with intu-

itive human judgment. Table 3 presents an example
from Latent Hatred where the post states simply:
“hate white people.” Despite the clearly offensive
and group-targeted language, the label is marked
as non-hateful, likely an annotation oversight. The
model (Gemma-9B) predicts the text as hateful and
provides a well-reasoned explanation that quotes
the offensive span, identifies race as the protected
group, and shows strong causal grounding, result-
ing in a high HateXScore of 1.0. This example
shows that when a model prediction conflicts with
the dataset label, a low HateXScore serves as a
cue for human adjudication, prompting deeper re-
view of the instance rather than treating it as simply
incorrect under traditional metrics. More detailed
examples are shown in Appendix A.2

Text
label

Explanation
(Gemma9b)

“hate white people.” (from Latent Hatred)
Non-hateful

The text “hate white people” is explicitly

expressing a negative sentiment towards

a specific racial group , which qualifies as
hate speech. The phrase directly calls for ha-
tred against individuals based on their race,
which is a clear violation of principles pro-
moting respect and equality among different
racial and ethnic groups.|...] It is a straight-
forward expression of racial animosity. Con-
clusion: hateful.

HTC: 1 QF: 1 TGL: 1 CC: 1
HateXScore: 1

Metrics

Table 3: An Example with Incorrect label. Target Group
is highlighted by pink , Quoted Rationales are high-

lighted by yellow .

6.2 Perturbation Test and Adversarial Cases

To evaluate the robustness of HateXScore, we ap-
plied controlled perturbations to model-generated
explanations. These edits included replacing the
quoted rationale with irrelevant phrases, hallucinat-
ing protected groups not mentioned in the text, and
omitting causal justifications. Table 4 shows an ex-
ample involving the post “Calling white trash is an
insult to styrofoam! The Klan is despicable.” The
original explanation correctly highlights “white
trash”, links it White people, and grounds the label
decision causally, resulting in a high HateXScore
of 1.0. After perturbation, the metric drops sharply.
Substituting the rationale with “white bubble” (Per-
turbed 1) eliminates overlap and causal grounding
(QF =CC =0), yielding a score of 0.5. In Perturbed
2, the explanation retains the slur but fails to iden-
tify the target group, reducing TGI and CC, and
lowering the score to 0.5. These cases show that
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Text Calling white trash is an insult to styrofoam!

The Klan is despicable.

Non-hateful
The phrase “white trash” is a well-known

label
Original

derogatory slur directed at White people .
Using a racial slur to demean a pro-
tected group constitutes hate speech. Calling

“the Klan” despicable is criticism of an ex-
tremist organization. In conclusion, the text
is hateful.

HTC: 1 QF: 1 TGL: 1 CC: 1

HateXScore: 1

The phrase ‘“white bubble” is a well-
known derogatory slur directed at
White people . Using a racial slur to

Metrics

Perturbed 1

demean a protected group constitutes hate
speech. In conclusion, the text is hateful.

HTC: 1 QF: 0 TGI: 1 CC: 0

Metrics HateXScore: 0.5

Perturbed 2  The phrase “white trash” is a well-known
derogatory slur. Calling “the Klan” despi-
cable is criticism of an extremist organiza-
tion. In conclusion, the text is hateful.

Metrics HTC: 1 QF: 1 TGL: 0 CC: 0

HateXScore: 0.5

Table 4: Original vs. Perturbed explanation and result-
ing sub-metrics. Target Group is highlighted by pink ,

Quoted Rationales are highlighted by yellow .

HateXScore penalizes explanations that break co-
herence, misattribute targets, or lose causal clarity,
even when the predicted label remains the same.

7 Conclusion

We introduced HateXScore, a suite of metrics
for evaluating LLM-generated explanations in hate
speech detection. Beyond label accuracy, it pro-
vides a principled, multifaceted assessment of ex-
planatory quality. Experiments on six datasets and
seven models show that HateXScore reveals in-
terpretability failures and annotation inconsisten-
cies overlooked by standard metrics. Notably, when
model predictions diverge from labels, higher Ha-
teXScore values align with human judgments, un-
derscoring its effectiveness in flagging potentially
ambiguous or controversial annotations for further
human adjudication.

Limitations

Despite its advantages, HateXScore faces certain
limitations. It relies on automated methods for iden-
tifying and masking rationale text, which can be
prone to errors, particularly in highly nuanced or
figurative contexts. Moreover, evaluating whether

a group is truly attacked remains an inherently sub-
jective judgment, albeit mitigated by structured
target-group inventories. In addition, We have been
experimenting with English, Chinese and Korean,
but more languages are still to be expanded. Finally,
HateXScore currently focuses on evaluating static,
text-based explanations; future work could explore
dynamic or multimodal reasoning (e.g., image-text
hate speech) and human—AlI co-evaluation frame-
works to better capture the evolving nature of on-
line hate.

For instances attacking multiple protected
groups, we currently mark TGI as successful if the
explanation identifies any clearly targeted group.
This simplifies annotation but does not capture tar-
get coverage (partial or full), which can overstate
performance on multi-target examples. Future work
can adopt graded coverage labels or set-based scor-
ing over targeted groups.

Ethical Statement

This research focuses on developing and evaluating
HateXScore for detecting and explaining hateful
or offensive language. Our primary objective is
to highlight gaps in current hate-speech detection
systems and propose methods (via HateXScore)
that improve both classification and explanation
quality. We do not seek to facilitate censorship or
suppress legitimate free expression. Instead, by re-
vealing vulnerabilities and inconsistencies in detec-
tion pipelines, we hope to support more accurate,
transparent, and fair content moderation practices.

Consistent with the approach in hateful-language
research, we rely on established datasets (e.g., Hat-
eXplain, HateCheck, Latent Hatred, HASOC, Tox-
iCN and KOLD). No additional personal or private
data was collected for this study. As with other
public datasets of toxic or hateful content, all re-
sources are for scientific research only. ToxiCN is
licensed under a Creative Commons Attribution-
NonCommercial-NoDerivatives 4.0 International
License (CC BY-NC-ND 4.0). HateCheck and Hat-
eXplain are under cc-by-4.0 license.

Examples throughout this paper necessarily in-
clude hateful and offensive terms, which may be
disturbing or harmful to readers and annotators
alike. We have attempted to minimize repeated ex-
posure to such text by limiting the dataset size for
examples and advising annotators on content warn-
ings.

Our methods and code are designed to be trans-
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parent, allowing researchers, practitioners, and reg-
ulatory bodies to understand, audit, and improve
our approach. We welcome inquiries, critiques, and
collaborations that aim to further the responsible
use of these technologies.

By adhering to these principles, we strive to ad-
vance the scientific study of hateful language de-
tection and the interpretability of machine learning
models in a manner that respects human dignity,
privacy, and well-being.
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A Appendix
A.1 Dataset Statistics

Table 5 shows the statistical distributions of the
datasets used in our experiments. Minimal prepro-
cessing was applied (e.g., lowercasing), and each
model used its default tokenizer to ensure compati-
bility.

A.2 Case Study Examples

To illustrate how HateXScore can reveal nuanced
explanation behavior beyond simple classification
metrics, we focus on several borderline examples

Dataset # Hateful #Non-hateful # Total
HateXplain 688 682 1,370
Latent Hatred 1,092 1,772 2,864
HASOC 807 785 1,592
HateCheck 2,563 1,165 3,728
ToxiCN 1,274 1,137 2,411
KOLD 2,000 2,000 4,000

Table 5: Statistical information for datasets used in our
experiments

Text: [The contents from datasets]
Reasoning: [The analysis from models]

Questions:

1. What is the score of Quotation Faithfulness (QF)? (0-1)
Answer:

2. What is the score of Target-Group Identification (TGI)? (0-1)
Answer:

3. Decision on Hatefulness (0 = non-hateful, 1 = hateful)
Answer:

Table 6: The Instructions Given To Annotators

from different datasets, as showed in Table 7, illus-
trating how classification correctness (HTC) and
explanation quality (HateXScore) may sometimes
conflict. These cases underscore the importance of
considering both the label outcome and the under-
lying rationale, especially in cases with ambiguous
or high disagreement.

A2.1

The first example, “it ain’t even noon yet and nig-
gas lying.” is labeled non-hateful in HateXplain.
Nonetheless, the model predicts hateful, citing the
racial slur and explaining its derogatory connota-
tion. Although the models’ prediction disagrees
with the dataset annotation, the explanation itself
(QF=1, TGI=1) clearly identifies a protected group
and shows a significant drop in probability when
the slur is masked (QF close to 1). Consequently,
the overall HateXScore remains high (0.80). Such
a case casts doubt on the “non-hateful” label: it
is plausible that some annotators considered the
usage of “niggas” as in-group slang or contextually
benign, whereas the model treats it as definitively
hateful. Closer inspection suggested that the anno-
tators themselves might have disagreed on whether
the language was truly hateful, underscoring the
possibility that the model’s explanation exceeded
the majority-vote label in clarity or reliability.

Misclassified Label, Robust Explanation

A.2.2 Correct Label, Weak Explanation

In the third example (“‘cut immigration by at least
75%! raise does not do enough!”), the label is
hateful, presumably reflecting annotators’ consen-
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Text Label Pred. Reasoning Metrics

“It ain’t even  Non-hate Hateful To analyze the provided text, we need to consider both the

noon yet and explicit and implicit elements of hate speech. 1. Explicit HTC: 1.0

niggas lying.” hate speech: The term “niggas” is a racially charged term ,19(1;1 11'%
that has historically been used as a derogatory term for CC:. 1.'0

black individuals . Its use can be considered explicit hate  HateXScore: 1.0
speech, as it directly targets a racial group with a term that

carries a significant amount of historical and social weight.
The context in which it is used here suggests a negative
connotation, as it is paired with the phrase “lying” , which
implies deceitfulness. 2. Implicit hate speech: Implicitly, the
use of such a term can perpetuate stereotypes about black
individuals, suggesting that they are inherently dishonest
or untrustworthy. This reinforces negative societal views
and can contribute to a culture of racism and discrimina-
tion. The phrase “it ain’t even noon yet” could imply that

the speaker is surprised or frustrated by the behavior of the
individuals they are referring to, which can further imply a
judgment based on race. 3. Context and tone: The overall
tone of the text appears to express frustration or disbelief,
which can be indicative of a broader negative sentiment to-
wards the group being referenced. The casual nature of the
language also suggests a normalization of the derogatory
term, which can contribute to a culture of hate. In conclu-
sion, the text contains explicit hate speech through the use of
a racially derogatory term and implicitly reinforces negative
stereotypes about a racial group. Conclusion: The text is

hateful.
“hate  white Non-hate Hateful The text “hate white people” is explicitly expressing a neg-
» HTC: 1.0
people. ative sentiment towards a specific racial group , which qual- .
P group q QF: 1.0
ifies as hate speech. The phrase directly calls for hatred TGI: 1.0
against individuals based on their race, which is a clear vio- CC: 1.0

lation of principles promoting respect and equality among  HateXScore: 1.0
different racial and ethnic groups. Upon analyzing the text,

we find that it lacks ambiguity or irony. It straightforwardly

states a desire to hate a particular group. This explicit dec-

laration of hatred is harmful as it promotes division and

animosity based on race, which can lead to further discrimi-

nation and social conflict. Given the clear and direct nature

of the statement, it does not require interpretation or context

to understand its hateful intent. It is a straightforward expres-

sion of racial animosity. Conclusion: hateful

“Cut immigra- Hateful Non-hate  Analysis: The text expresses a strong opinion about immigra-

tion by at least tion, advocating for a significant reduction in immigration HTC: 1.0
75%! Raise levels. while it does not contain overtly hateful language QF:0.0
does not do or slurs, the statement can imply a negative stance towards TGI: 1.0
enough !” immigrants or immigration as a whole . This could reflect CC: 0.0

HateXS 105
a belief that immigrants are undesirable or problematic, afeascore

which can be seen as a form of implicit bias against immi-
grant communities. However, the text does not explicitly de-
humanize or attack any specific group, nor does it use deroga-

tory language. the phrase “raise does not do enough” is

somewhat ambiguous and does not provide clear context
about what is being raised or what is insufficient. This could
refer to policies or measures related to immigration, but
without further context, it is difficult to assess its implica-
tions fully. Overall, while the text expresses a strong anti-
immigration sentiment, it does not cross the line into hate
speech. it reflects a political opinion that may be controver-
sial or divisive, but it does not contain the elements typically
associated with hate speech. Conclusion: non-hateful

Table 7: Several Borderline Examples where the model prediction contradicts the label. Target Group is highlighted
by pink , Quoted Rationales are highlighted by yellow .
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sus that targeting “immigration” is a discrimina-
tory statement. The model, however, predicts non-
hateful. Its explanation references the phrase “cut
immigration,” but fails to clarify why such a de-
mand may be hateful or to specify any protected
group under attack (QF=1, but TGI=0). Despite
matching the official label incorrectly, the explana-
tion also scores poorly on reasoning components
(e.g., CC =0), resulting in a lower overall HateXS-
core (0.50). This example demonstrates that even
though the model might show acceptable perfor-
mance on standard metrics in other samples, it can
produce incomplete rationales where content is ar-
guably hateful. HateXScore makes that gap in
explanation clarity visible.

These examples highlight how relying solely on
Accuracy or F1 can misrepresent a model’s behav-
ior, particularly in datasets containing ambiguous,
context-dependent, or potentially incorrect labels.
While HTC offers the conclusion of prediction, the
other HateXScore components (QF, TGI, CC) can
give credit to a faithful explanation. Conversely, a
model might match the label but fail to justify it in
terms of the offending snippet or protected group,
leading to a subpar HateXScore. Overall, these
case studies illustrate two core insights: first, clas-
sification correctness alone cannot capture expla-
nation completeness and causal relevance; second,
labels in hate speech corpora can themselves be
flawed or disputed.

A.3 Instruction for Human Evaluation

Table 6 shows the instructions we gave to the anno-
tator.

A.4 Sensitivity of the Consistency Threshold
(7)

We evaluated the robustness of the Consistency
Check (CC) and HateXScore metrics by sweep-
ing 7 from 0.1 to 0.9 in steps of 0.1. Figures 2 show
the average HateXScore for all models across
datasets. As expected, stricter thresholds (larger
7) reduce both CC and HateXScore values, since
fewer samples satisfy the consistency condition.
The model ranking, however, remains largely sta-
ble for 7 < 0.3, indicating that the metrics are
robust in the low-threshold region.

A.5 Few-shot robustness (2-shot prompting)

Our main experiments focus on the widely used
0-shot deployment setting. Since HateXScore is a
metric suite applied to model explanations, it is in

#it# Instructions:

Hate speech is defined as any kind of commu-
nication in speech, writing, or behaviour that
attacks or uses pejorative or discriminatory lan-
guage with reference to a group or its members
on the basis of who they are.

Using the above definition, please decide if the
following text is hateful or non-hateful. Pro-
vide the explanation for your classification in
English/Chinese/Korean, followed by the con-
clusion (Hateful/Non-hateful). In your analy-
sis, consider both explicit and implicit forms
of hate speech. Ensure your reasoning avoids
over-reliance on keywords and maintains consis-
tency throughout the analysis.

### Text:
{text}

Table 8

principle agnostic to prompting regimes. We there-
fore conduct a small robustness check to verify that
the qualitative trends reported in the main paper
remain consistent under light few-shot prompting.

We evaluate the same datasets and models as in
Section 4.2, but prepend two demonstrations with
one hateful and one non-hateful to the prompt used
to elicit predictions and explanations. We keep all
other settings identical to the main experiments.

Table 9 reports the 2-shot results. Overall, the
relative patterns are consistent with the zero-shot
setting: models that achieve higher HateXScore
under zero-shot prompting also tend to do so under
2-shot prompting, and the separation between label-
based performance (Accuracy/F1) and explanation-
quality signals (HateXScore and sub-metrics) re-
mains evident across datasets.

A.6 Target Group List

Table 10 - Table 13 shows the default target group
lists from the UN 7, Meta , YouTube ?, and Twit-
ter 19 that we have embedded in our code.

"https://www.un.org/en/hate-speech/impact-and-
prevention/targets-of-hate

8https://transparency.meta.com/en-
gb/policies/community-standards/hateful-conduct/

“https://support.google.com/youtube/answer/2801939

https://help.x.com/en/rules-and-policies/hateful-
conduct-policy
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Figure 2: Sensitivity of HateXScore to the Quotation Faithfulness threshold 7 across six datasets. Each subplot

shows the average HateXScore for all models as 7 varies from 0.1 to 0.9. Higher curves indicate stronger

consistency between explanation and decision.

A.7 LLMs Prompt Formulations

Table 8 details the prompt templates used for gen-
erating model outputs across all experiments. Each
prompt includes a standardized definition of hate
speech, followed by an instruction for the model
to classify the text as hateful or non-hateful while
providing a justification.
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Dataset Model HTC QF TGI CC  HateXScore | Accuracy F1

GPT-40 1.000  0.695 0951 0914 0.890 0.890 0.867

LLaMA-8B  0.791 0.292 0405 0.415 0.477 0.650 0.370

Qwen-7B 1.000 0.620 0.926 0.841 0.846 0.758 0.737

HateXplain Mistral-7B 1.000 0.323 0913 0.350 0.651 0.544 0.598
Gemma-2b 1.000 0.288 0.820 0.454 0.640 0.647 0.675

Gemma-9b 1.000 0475 0.873 0.609 0.740 0.546 0.564

Gemma-27b  1.000 0.471 0.882 0.694 0.762 0.713 0.718

GPT-40 1.000  0.693 0928 0.972 0.898 0.748 0.585

LLaMA-8B  0.834 0.270 0.475 0.406 0.496 0.623 0.357

Qwen-7B 1.000 0.643 0.905 0.887 0.858 0.694 0.605

Latent Hatred  Mistral-7B 1.000 0.392 0.848 0.493 0.685 0.638 0.646
Gemma-2b 1.000 0.327 0.778 0.561 0.667 0.632 0.643

Gemma-9b 1.000 0.522 0.794 0.656 0.742 0.559 0.597

Gemma-27b  1.000 0.556 0.802 0.793 0.788 0.694 0.668

GPT-40 1.000 0.885 0.851 0.996 0.933 0.504 0.057

LLaMA-8B  0.810 0.387 0425 0.565 0.547 0.503 0.139

Qwen-7B 1.000 0.780 0.863 0.943 0.897 0.536 0.189

HASOC Mistral-7B 0.999 0335 0.763 0.497 0.659 0.629 0.506
Gemma-2b 1.000 0479 0376 0.818 0.668 0.592 0.426

Gemma-9b 0.997 0.537 0475 0.705 0.679 0.565 0.428

Gemma-27b  1.000 0.604 0.413 0.938 0.739 0.539 0.222

GPT-40 1.000 0.788 0.968 0.967 0.931 0.961 0.972

LLaMA-8B  0.807 0372 0.522 0457 0.539 0.530 0.527

Qwen-7B 1.000  0.679 0.933 0.902 0.878 0.867 0.904

HateCheck Mistral-7B 1.000 0464 0954 0.512 0.734 0.879 0919
Gemma-2b 1.000  0.135 0951 0.220 0.577 0.870 0.913

Gemma-9b 1.000 0.756 0.892 0.814 0.865 0.873 0.913

Gemma-27b  1.000 0.525 0.924 0.760 0.802 0.909 0.938

GPT-40 1.000  0.774 0.963 0.948 0.921 0.640 0.511

LLaMA-8B  0.657 0.098 0.515 0.470 0.435 0.495 0.264

Qwen-7B 0979 0.723 0912 0.905 0.880 0.635 0.511

ToxiCN Mistral-7B 1.000  0.326 0.345 0.498 0.546 0.746 0.762
Gemma-2b 0.997 0371 0358 0.509 0.559 0.679 0.709

Gemma-9b 0968 0.393 0.630 0.548 0.635 0.668 0.719

Gemma-27b 0987 0487 0910 0.766 0.787 0.695 0.701

GPT-40 1.000 0.772 1.000 0.977 0.937 0.677 0.529

LLaMA-8B  0.502 0.274 0.758 0.471 0.501 0.505 0.231

Qwen-7B 0.840 0.614 0993 0.864 0.828 0.572 0.264

KOLD Mistral-7B 1.000 0410 0.613 0.406 0.608 0.838 0.837
Gemma-2b 0.998 0.337 0521 0.592 0.612 0.784 0.798

Gemma-9b 0977 0.608 0.849 0.758 0.798 0.788 0.790

Gemma-27b  0.989 0.586 0.999 0.843 0.854 0.780 0.768

Table 9: 2-shot prompting robustness check. Macro-averaged HTC/QF/TGI/CC/HateXScore and Accuracy/Macro-
F1 across datasets (same evaluation pipeline as Table 1)
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Policy

Category

Target Group

UN

National

afghanistan, albania, algeria, andorra, angola, antigua and barbuda, argentina, ar-
menia, australia, austria, azerbaijan, bahamas, bahrain, bangladesh, barbados, be-
larus, belgium, belize, benin, bhutan, bolivia, bosnia and herzegovina, botswana,
brazil, brunei, bulgaria, burkina faso, burundi, cabo verde, cambodia, cameroon,
canada, central african republic, chad, chile, china, colombia, comoros, costa
rica, croatia, cuba, cyprus, czech republic, democratic republic of the congo,
denmark, djibouti, dominica, dominican republic, ecuador, egypt, el salvador,
equatorial guinea, eritrea, estonia, eswatini, ethiopia, federated states of microne-
sia, fiji, finland, france, gabon, gambia, georgia, germany, ghana, greece, grenada,
guatemala, guinea, guinea-bissau, guyana, haiti, honduras, hungary, iceland, in-
dia, indonesia, iran, iraq, ireland, israel, italy, jamaica, japan, jordan, kazakhstan,
kenya, kiribati, kuwait, kyrgyzstan, laos, latvia, lebanon, lesotho, liberia, libya,
liechtenstein, lithuania, luxembourg, madagascar, malawi, malaysia, maldives,
mali, malta, marshall islands, mauritania, mauritius, mexico, moldova, monaco,
mongolia, montenegro, morocco, mozambique, myanmar, namibia, nauru, nepal,
netherlands, new zealand, nicaragua, niger, nigeria, north korea, north mace-
donia, norway, oman, pakistan, palau, panama, papua new guinea, paraguay,
peru, philippines, poland, portugal, qatar, romania, russia, rwanda, saint kitts and
nevis, saint lucia, saint vincent and the grenadines, samoa, san marino, sao tome
and principe, saudi arabia, senegal, serbia, seychelles, sierra leone, singapore,
slovakia, slovenia, solomon islands, somalia, south africa, south korea, south
sudan, spain, sri lanka, sudan, suriname, sweden, switzerland, syria, tajikistan,
tanzania, thailand, timor-leste, togo, tonga, trinidad and tobago, tunisia, turkey,
turkmenistan, tuvalu, uganda, ukraine, united arab emirates, united kingdom,
united states of america, uruguay, uzbekistan, vanuatu, vatican city, venezuela,
vietnam, yemen, zambia, zimbabwe

Ethnic

black, white, asian, latino, jewish, arab, indian, african, nigger, african american,
caucasian, hispanic, asian, native american, pacific islander, middle eastern, north
african, indigenous, aboriginal

Religious

christian, catholic, protestant, orthodox, anglican, baptist, mormon, jehovah’s
witness, judaism, islam, hinduism, buddhism, sikhism, shinto, taoism, atheist, ag-
nostic, pagan, zoroastrianism, jainism, baha, scientologist, rastafarian, unitarian,
falun gong, druze, samaritan, yazidi, ahmadi, alawite, coptic, animist, wiccan,
satanist, seventh-day adventist, muslim, jew

Disabilities

disabled, blind, deaf, mute, autistic, down syndrome, schizophrenic, bipolar,
mentally ill, wheelchair user, paraplegic, quadriplegic, dwarf, albino, epileptic,
diabetic, hiv positive, cancer patient, obese, amputee, retarded

Sex

lesbian, gay, bisexual, queer, pansexual, asexual, Igbt

Migrants

refugee, immigrant, migrant, asylum seeker, foreigner, expatriate, stateless

Others

indigenous peoples, forcibly displaced persons, vocational targets

Meta

Race or ethnicity

black, white, asian, latino, jewish, arab, indian, african, nigger, african american,
caucasian, hispanic, asian, native american, pacific islander, middle eastern, north
african, indigenous, aboriginal

National origin

[Same as National and Ethnic of UN]

Disability or serious
disease

disabled, blind, deaf, mute, autistic, down syndrome, schizophrenic, bipolar,
mentally ill, wheelchair user, paraplegic, quadriplegic, dwarf, albino, epileptic,
diabetic, hiv positive, cancer patient, obese, amputee, retarded

Religious affiliation

christian, catholic, protestant, orthodox, anglican, baptist, mormon, jehovah’s
witness, judaism, islam, hinduism, buddhism, sikhism, shinto, taoism, atheist, ag-
nostic, pagan, zoroastrianism, jainism, baha, scientologist, rastafarian, unitarian,
falun gong, druze, samaritan, yazidi, ahmadi, alawite, coptic, animist, wiccan,
satanist, seventh-day adventist, muslim, jew

Caste

dalit, brahmin, kshatriya, vaishya, shudra

Sexual orientation

lesbian, gay, bisexual, queer, pansexual, asexual, Igbt

Gender identity

women, men, transgender, non-binary, intersex, cisgender, female, male

Immigration

refugee, immigrant, migrant, asylum seeker, foreigner, expatriate, stateless

Table 10: English Listed target groups of hate speech
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Policy

Category

Target Group

Twitter

Race or ethnicity

black, african american, white, caucasian, hispanic, latino, asian, native american,
pacific islander, middle eastern, north african, indigenous, aboriginal

National origin

[Same as National and Ethnic of UN]

Religious affiliation

christian, catholic, protestant, baptist, methodist, lutheran, presbyterian, ortho-
dox christian, mormon, jehovah’s witnesses, jewish, muslim, sunni, shia, sufi,
ahmadiyya, druze, ismaili, buddhist, hindu, sikh, jain, zoroastrian, baha’i, taoist,
confucian, shinto, pagan, atheist, agnostic, humanist

Sex

male, female, intersex

Gender identity

cisgender man, cisgender woman, transgender man, transgender woman, non-
binary, genderqueer, agender, bigender, genderfluid, pangender, two-spirit

Sexual orientation

heterosexual, gay, lesbian, bisexual, pansexual, asexual, demisexual, polysexual,
queer

Age

children, teenager, youth, adult, senior

Disability or serious
disease

physical disability, visual impairment, hearing impairment, deafness, intellectual
disability, autism spectrum disorder, down syndrome, epilepsy, cerebral palsy,
muscular dystrophy, multiple sclerosis, parkinson’s disease, alzheimer’s disease,
hiv, aids, diabetes, cancer, asthma, heart disease, chronic kidney disease, au-
toimmune disorders, lupus, crohn’s disease, fibromyalgia, sickle cell disease,
hemophilia, thalassemia, celiac disease, dwarfism, clinically obese, arthritis,
rheumatoid arthritis, hepatic disease, tuberculosis, bipolar disorder, depression,
anxiety disorders, borderline personality disorder, schizophrenia, aphasia, dys-
praxia

YouTube

Age

children, teenager, youth, adult, senior

Caste, Ethnicity, or
Race

dalit, adivasi, brahmin, kshatriya, vaishya, shudra, black or african american,
white or caucasian, hispanic or latino, asian, native american, pacific islander,
middle eastern, north african, indigenous, aboriginal

Disability

physical disability, visual impairment, hearing impairment, deafness, intellectual
disability, autism spectrum disorder, epilepsy, cerebral palsy, muscular dystrophy,
multiple sclerosis, parkinson’s disease, alzheimer’s disease, hiv, aids, diabetes,
cancer, asthma, heart disease, chronic kidney disease, autoimmune disorders,
lupus, crohn’s disease, fibromyalgia, sickle cell disease, hemophilia, thalassemia,
celiac disease, dwarfism, clinically obese, arthritis, rheumatoid arthritis, hepatic
disease, tuberculosis, bipolar disorder, depression, anxiety disorders, borderline
personality disorder, schizophrenia, aphasia, dyspraxia

Immigration Status

citizen, permanent resident, documented immigrant, refugee, asylum seeker,
undocumented immigrant

Nationality

[Same as National and Ethnic of UN]

Religion

christian, catholic, protestant, baptist, methodist, lutheran, presbyterian, ortho-
dox christian, mormon, jehovah’s witnesses, jewish, muslim, sunni, shia, sufi,
ahmadiyya, druze, ismaili, buddhist, hindu, sikh, jain, zoroastrian, baha’i, taoist,
confucian, shinto, pagan, atheist, agnostic, humanist

Sex, Gender, or Sexual
Orientation

male, female, intersex, cisgender man, cisgender woman, transgender man,
transgender woman, non-binary, genderqueer, agender, bigender, genderfluid,
pangender, two-spirit, heterosexual, gay, lesbian, bisexual, pansexual, asexual,
demisexual, polysexual, queer

Veteran Status

military veteran, non-veteran

Victims

victim of sexual assault, victim of domestic violence, victim of crime, victim of
harassment, victim of trafficking, victim of bullying, victim of discrimination

Table 11: English Listed target groups of hate speech
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Table 12: Korean Listed target groups of hate speech
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Category

Target Group

TR

AEMA, JEBRELA, I IR, BTN, R, LA, LR A BRRRIIE £, B/R
TN @A, BN, FE/R A, B, B A ZEEA, BRI, gaf A, SR A, R
A FEA, PEA, FEAEEA, FEN ZREMA, ﬁ N, BN, FE N, 2RI
N, FERENZFZ N REA, B EE LA, BEA, A, HEFRNTWA, B A, PUE, 15T
TR, SR, vk N, ENEEA, i‘% RN, BRI, R A, %Kﬁj\ LAESIA, BAF
N RN, BAN, RN, 9B, BEL /RN, ZHA, JTH, REMA, BRA, B4
N, BIEFA, RS A, BB A, B, SRR, #g = A, }E'EWJJI)\ JEIA I
BN, BELHEA, BEEHEA, SO, WA ST N, WERENT DRI, S5 HA, I
FePThifE A, AR A, SR, BN, RS BN AR, IR A, BB =1 A, I3 A,
A, A BRI, GEAREN, BUEA, THEA, By A, #EgA, gUREA, B
N BRI, B BT, EMA, B, AERF A, RFETA, BRI

HABBE, REHE, B8UE, RIEEDE, A%, IRALS, BN THGE ARG E A, SREL, (il =4,
F[E30 20, B15038, PHESER, A, DA AIGE, RRGE, RH, BIE, BT R
B PTEEE BABE, —HRE, IR T, TR B 2R HUE, USRI REZE BB, SO IR, B
HEUR, BHERFEAE, TR RieE, B EUE, MEEEAESIMZEHE

el

i, B, BRI, 3F 5T, WEA, IR, 22, 5B

PEER A

SRR, BRIV, SR, B L, 2 P, TV, LGBT

R

AL, B, EA LR, BFESE, B RGEEAERE, F 0 RUERE BRALIE B, K
B, R B, B0 B, BRI, IR, DL 88, JUR 8, MR 8, SCIm %
ﬁ“?% FEAE B, AL, B

i

LE, FOE, HE, HFEAN, ZEA

B

XEE, B, THEE, FREFE, SNEAN, iR, TE#EE

Table 13: Chinese Listed target groups of hate speech
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