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Abstract

Hate speech spreads widely online and harms both individuals and communities, making automatic detection essential
for large-scale moderation. However, accurately detecting hate speech remains a difficult task. Part of the challenge
lies in subjectivity: what one person flags as hate speech, another may see as benign. Traditional annotation
agreement metrics, such as Cohen’s κ, oversimplify this disagreement, treating it as an error rather than meaningful
diversity. Meanwhile, Large Language Models (LLMs) promise scalable annotation, but prior studies demonstrate that
they cannot fully replace human judgement, especially in subjective tasks. In this work, we reexamine LLM reliability
using a subjectivity-aware framework, cross-Replication Reliability (xRR), revealing that even under fairer lens, LLMs
still diverge from humans. Yet this limitation opens an opportunity: we find that LLM-generated annotations can
reliably reflect performance trends across classification models, correlating with human evaluations. We test this by
examining whether LLM-generated annotations preserve the relative ordering of model performance derived from
human evaluation (i.e. whether models ranked as more reliable by human annotators preserve the same order when
evaluated with LLM-generated labels). Our results show that, although LLMs differ from humans at the instance
level, they reproduce similar ranking and classification patterns, suggesting their potential as proxy evaluators.
While not a substitute for human annotators, they might serve as a scalable proxy for evaluation in subjective NLP tasks.

Keywords: hate speech, IAA, xRR, LLMs, system evaluation

1. Introduction

Hate speech, defined as “language characterised
by offensive, derogatory, humiliating, or insulting
discourse (Founta et al., 2018) that promotes vio-
lence, discrimination, or hostility towards individ-
uals or groups (Davidson et al., 2017) based on
attributes such as race, religion, ethnicity, or gen-
der (ElSherief et al., 2018a,b; Das et al., 2023)”,
continues to pose a major challenge across on-
line platforms, undermining both individual safety
and social cohesion (González-Bailón and Lelkes,
2022). Recent studies estimate that nearly one in
three young people have experienced some form of
cyberbullying (Kansok-Dusche et al., 2022), while
around half of Black or African American adults
report having faced racial harassment online (Anti-
Defamation League, 2024). This growing preva-
lence of hate speech in social platforms under-
scores the urgent need for reliable automatic de-
tection methods.

Despite notable progress in hate speech de-
tection (Glavaš et al., 2020; Wang and Chang,
2022; Plaza-del arco et al., 2023; Roy et al., 2023;
Piot and Parapar, 2025), the quality and consis-
tency of human-annotated data remain central chal-
lenges (Toraman et al., 2022; Ljubešić et al., 2022;
Barbarestani et al., 2024). The task is inherently
subjective (Aroyo et al., 2019; Kanclerz et al., 2022;
Hettiachchi et al., 2023), as judgements often de-

pend on cultural norms, speaker intent, and con-
textual interpretation (Röttger et al., 2022; Davani
et al., 2023; Dehghan et al., 2025). This subjectiv-
ity is further amplified by linguistic factors, as hate
speech is often conveyed implicitly through sar-
casm, metaphor, or coded language and depends
on discourse-level context and target inference. As
a result, annotation disagreement is not always an
error but may reflect legitimate diversity in interpre-
tation (Kralj Novak et al., 2022; Mostafazadeh Da-
vani et al., 2022; Barbarestani et al., 2024).

Conventional inter-annotator agreement (IAA)
measures, such as Cohen’s κ, assume a single ob-
jective ground truth and penalise all disagreement
equally (Cohen, 1960), making them improper for
tasks involving subjectivity and ambiguity such as
hate speech detection (Marchal et al., 2022; Plank,
2022; Bassi et al., 2025).

To address this limitation, subjectivity-aware met-
rics have been proposed. Among them, the xRR
(cross-Replication Reliability) framework (Wong
et al., 2021) has emerged as a promising alter-
native, as it evaluates how consistently annotators
reproduce each other’s labelling behaviour rather
than enforcing a single gold label. This shift bet-
ter captures pluralism in human judgements, offer-
ing a more realistic picture of annotation quality in
socially grounded tasks (Dutta et al., 2023; Prab-
hakaran et al., 2024).

Meanwhile, LLMs have been explored as poten-
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tial automatic annotators, offering scalability and
cost-efficiency (Gilardi et al., 2023; Törnberg, 2024).
However, current evidence shows that LLMs cannot
yet replace human annotators, particularly in tasks
that require social or contextual interpretation (Mo-
hta et al., 2023; Tseng et al., 2025; Baumann et al.,
2025). Despite these advances, most prior stud-
ies assessing LLM annotations rely on traditional
agreement metrics (Matter et al., 2024; Giorgi et al.,
2025), which may undervalue their performance un-
der subjective conditions. This raises an important
motivational question: does evaluating LLM-based
annotations with subjectivity-aware metrics alter
the conclusions we may draw about their reliability
as annotators?

Building on this motivation, we first investigate
the role of LLMs as annotators in multilingual hate
speech detection (English and Spanish). Our find-
ings show that, even when adopting xRR to account
for subjectivity, LLMs still fail to capture the full
spectrum of human annotation patterns. Nonethe-
less, a complementary role emerges: rather than
replacing human annotators, LLMs may serve as
system evaluators. We conduct a second experi-
ment to test whether LLM-generated annotations
can reproduce the relative ranking of hate speech
detection models established by human annota-
tors. This framework reveals that LLMs, despite
instance-level divergence, can reliably approximate
classification models’ performance trends, offering
a scalable path for comparative evaluation without
requiring full human annotation.

Our study is structured around three research
questions that build sequentially on one another:

• RQ1: How do traditional agreement metrics
capture annotation quality in hate speech de-
tection, both for human and LLM-generated
labels?

• RQ2: If using subjectivity-aware metrics, do
LLMs demonstrate greater reliability as anno-
tators, or do they still diverge from human an-
notation patterns?

• RQ3: Even if LLMs are not reliable annotators,
can their annotation patterns be leveraged for
evaluation, preserving the relative ordering of
hate speech detection models observed under
human judgements?

We structure our study around two complemen-
tary experiments: (i) an agreement analysis, ad-
dressing RQ1 and RQ2, where we compare tra-
ditional and subjectivity-aware metrics to assess
annotation reliability across human and LLM judge-
ments; and (ii) a ranking correlation experiment,
addressing RQ3, where we test whether LLM-
based annotations maintain the relative ordering

of model performance derived from human evalua-
tion (for example, whether models ranked as more
reliable by human annotators preserve the same
ordering when evaluated with LLM-generated la-
bels). Through these questions, we aim to deepen
the understanding of how metric selection choice
shapes annotation assessment and to clarify the
emerging role of LLMs as evaluators in socially
grounded tasks.

2. Related Work

Hate speech detection. Hate speech detection
remains a challenging task due to its inherently
subjective nature, where individual perceptions,
socio-cultural context, and linguistic nuance often
lead to divergent annotations (Fortuna and Nunes,
2018; Kanclerz et al., 2022). Beyond annotator-
specific factors, disagreement is also driven by in-
trinsic properties of language itself. Hate speech
is frequently expressed implicitly, through sarcasm,
irony, metaphor, or coded language, rather than
explicit slurs, making its interpretation highly depen-
dent on pragmatics and shared background knowl-
edge (Röttger et al., 2022; Davani et al., 2023).
Furthermore, discourse-level phenomena such as
context dependency, target ambiguity, and the need
to infer speaker intent complicate annotation, as
isolated instances may not provide sufficient infor-
mation to determine whether content is harmful.

IAA in this domain tends to be low, reflecting not
only annotator variability but also these linguistic
and contextual ambiguities (Toraman et al., 2022;
Ljubešić et al., 2022; Barbarestani et al., 2024).
Prior research has emphasised that such disagree-
ment is not merely noise but a signal of underlying
subjectivity and interpretative complexity in annota-
tion (Basile, 2020; Leonardelli et al., 2021; Guellil
et al., 2024). This challenge has prompted renewed
attention to how annotation quality is measured, es-
pecially in socially grounded tasks where disagree-
ment among annotators is common.

IAA in subjective tasks. Traditional metrics such
as Cohen’s κ (Cohen, 1960) and Fleiss’s κ (Shrout
and Fleiss, 1979) are commonly used to assess an-
notation consistency. However, they often underes-
timate reliability in socially grounded tasks, as they
penalise legitimate subjective variation (Pavlick
and Kwiatkowski, 2019). Recent work has pro-
posed ways to better capture human uncertainty,
including soft-label modelling (Uma et al., 2022)
and multi-annotator models, where each anno-
tator’s judgements are treated as separate sub-
tasks while sharing a common learned representa-
tion (Mostafazadeh Davani et al., 2022). Yet, less
attention has been paid to how agreement itself is
measured. Metrics such as xRR (Wong et al., 2021)
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explicitly address subjectivity in annotation, cap-
turing consistent patterns of disagreement rather
than treating them as noise or error. For instance,
in subjective annotation tasks, Dutta et al. (2023)
demonstrate that xRR reveals community-specific
perspectives in toxic comment annotation, while
Prabhakaran et al. (2024) leverage xRR to analyse
inter-group disagreement patterns, highlighting how
perspectives vary across demographic groups.

LLMs as annotators. LLMs have been investi-
gated as tools to assist or replace human annota-
tors, providing a scalable way to generate labels for
large datasets (Gilardi et al., 2023; Törnberg, 2024).
Studies show that while LLMs can approximate hu-
man judgements in certain tasks, their reliability is
generally lower than humans, especially in tasks
that involve social nuance or context-dependent in-
terpretation (Mohta et al., 2023; Tseng et al., 2025;
Baumann et al., 2025). Recent work has therefore
focused on understanding where LLMs succeed or
fail in mimicking human annotations, leaving open
questions about alternative uses.

Given this, our study is motivated by the gap in
understanding LLM performance under subjectivity-
aware metrics and its implications for evaluation.
We focus on where LLMs diverge from humans
and how they might serve as model evaluators in
subjective tasks like hate speech.

3. Experimental Setup

To address our three research questions, we de-
sign a two-stage experimental study grounded in
a unified setup. All experiments rely on the same
hate speech datasets, language models, and LLM-
generated annotations. This section details the
datasets, the selected models, the prompting and
annotation procedure, and the metrics used to as-
sess IAA.

3.1. Data

For this study, we build upon the MetaHate (Piot
et al., 2024) and MetaHateES (Piot et al., 2025) col-
lections, two large-scale meta-collections that con-
solidate the major publicly available hate speech
datasets in English and Spanish, respectively. Both
resources were designed to standardise and unify
heterogeneous hate speech resources. Meta-
Hate integrates 36 publicly available datasets in
English covering diverse social media platforms,
domains and annotation schemes, while MetaHa-
teES includes 10 different sources, focusing on Eu-
ropean Spanish hate speech. We focus on these
languages as high-resource languages, enabling
controlled cross-lingual comparison (Fortuna and

Nunes, 2018; Poletto et al., 2020; Vidgen and Der-
czynski, 2020), and providing robust baselines for
future extension to low-resource varieties.

Given the focus of this work on annotation sub-
jectivity and inter-annotator reliability, we selected
from them only those datasets that contained
individual-level annotation that could enable a fine-
grained comparison between human and LLM
judgements. Following this criterion, we initially
identified two datasets from MetaHate: HateX-
plain (Mathew et al., 2020) and Measuring Hate
Speech (MHS) (Kennedy et al., 2020; Sachdeva
et al., 2022); and two from MetaHateES: DE-
TESTS (Schmeisser-Nieto et al., 2024) and EX-
IST (Rodríguez-Sánchez et al., 2022). Table 1
summarises these datasets.

Dataset Lang. # annotations # posts
EXIST ES 6 4209
DETESTS ES 3 9906
HateXplain EN 3 20 109
MHS EN 1-815 39 565

Table 1: Overview of the potential datasets that can
be used in our experiments. “Lang.” denotes the
dataset language (ES = Spanish, EN = English).
“# annotations” indicates the number of indepen-
dent judgements available per post, and “# posts”
reports the number of unique, non-duplicated in-
stances.

The task under study is binary hate speech detec-
tion, where each post is classified as either hate
or non-hate. Most selected datasets follow this
formulation directly. However, some require label
harmonisation to ensure cross-dataset consistency.
HateXplain was originally annotated with three la-
bels: “normal”, “offensive” and “hate speech”. Fol-
lowing prior work (Piot et al., 2024), we merged “of-
fensive” category into no-hate, as offensive con-
tent does not fit our hate speech definition. The
MHS dataset includes an additional label, “unclear”;
we removed all instances with at least one “unclear”
annotation to maintain consistency with the binary
setup.

To ensure a fair comparison across datasets,
we restricted our analysis to instances with exactly
three human annotators. Therefore, the EXIST
dataset was excluded, and we only retained MHS
instances meeting this criterion. After unifying la-
bel spaces, we derived a gold label for each post
based on the majority vote across annotators and
recorded whether the gold label was unanimous or
not. Table 2 summarises the final datasets and the
number of posts used in our experiments.
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Dataset Lang. # annot. # posts # unanimous % hate
DETESTS ES 3 9906 8589 26.30
HateXplain EN 3 20 109 13 910 29.49
MHS EN 3 9133 6428 25.64

Table 2: Overview of the datasets included in our
experiments. “Lang.” denotes the dataset lan-
guage (ES = Spanish, EN = English). “# annot.”
indicates the number of independent judgements
used per post, “# posts” reports the number of
unique, non-duplicated instances, and “# unani-
mous” reports the number of posts with unanimous
labels.

3.2. Models
To generate LLM-based annotations for our ex-
periments, we selected three state-of-the-art
instruction-tuned models, all running in 4-bit quan-
tised versions to optimise computational efficiency
without compromising performance. The choice of
three models mirrors the number of human annota-
tors per dataset, ensuring a comparable annotation
setup. Below are the details of the LLMs we em-
ployed:

• Llama 3.1 (Llama-3.1-8B-Instruct)
(Grattafiori et al., 2024): Developed by
Meta AI, this model is part of the Llama 3
series, which includes models ranging from
8B to 405B parameters. The 8B variant is
optimised for instruction-following tasks and
has demonstrated strong performance across
multilingual and reasoning benchmarks.

• Nemo (Mistral-Nemo-Instruct-2407)
(Mistral AI team, 2025): This model comes
from a collaboration between Mistral AI and
NVIDIA. It is an instruction-tuned model based
on the Mistral architecture, and it is designed
to excel in multilingual tasks and has been
fine-tuned to improve reasoning and coding
accuracy.

• DeepSeek (DeepSeek-R1-Distill-
Llama-8B) (DeepSeek-AI, 2025): This
model is a distilled version of the Llama-
3.1-8B-Instruct model, fine-tuned using
samples from DeepSeek-R1. The distillation
process aims to retain the performance of the
original model while reducing computational
requirements. It is particularly noted for its
efficiency and effectiveness in reasoning
tasks.

3.3. LLM judgements
To obtain automatic annotations, we queried each
selected LLM using a prompt template. The mod-
els were asked to assess whether a given social

media message contained hate speech and re-
spond strictly with a binary label as: True (hate)
or False (no-hate). No explicit definition or ex-
amples of hate speech were provided; the models
generated labels based solely on their internal un-
derstanding of the task.

Prompts. All models were queried with the same
two-part prompt to keep the setup consistent. The
system prompt introduced the task as a moderation
scenario, and the base instruction told the model
to return a binary decision. Tables 3 and 4 provide
the exact wording.

You are a content moderation system. Your
task is to detect hate speech in social media
messages.

Table 3: System prompt.

Respond only with ’True’ if the message con-
tains hate speech, or ’False’ if it does not. Do
not explain, justify, or add anything else. Re-
spond with exactly one word: True or False.

Table 4: Base instruction.

Inference setup. During inference, all models
were run under a unified configuration to ensure
comparability. We set the maximum sequence
length to 4096 tokens to accommodate longer so-
cial media posts without truncation. The gener-
ation was constrained to a single output token
(max_tokens = 1), since models were required to
produce only one-word answers (True or False),
that, for our selected models, correspond to a sin-
gle token. To guarantee deterministic outputs, we
disabled sampling by fixing do_sample = False,
and used a very low temperature (0.01) together
with top_p = 0.1 and top_k = 5. Finally, to pre-
vent invalid generations, we restricted the output
space using a custom LogitsProcessor from
transformers1 library that filtered all tokens ex-
cept True and False. Each LLM was executed
in 4-bit quantised inference mode using unsloth2

framework. The resulting predictions constitute the
LLM judgements3.

LLM pseudo-raters. As we did with the human
annotations, we also combined individual model

1https://huggingface.co/docs/
transformers/

2https://unsloth.ai/
3Our code is available at https://github.com/

palomapiot/hate-eval-agreement/

https://huggingface.co/docs/transformers/
https://huggingface.co/docs/transformers/
https://unsloth.ai/
https://github.com/palomapiot/hate-eval-agreement/
https://github.com/palomapiot/hate-eval-agreement/
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predictions. We derived a majority label, based on
the majority vote across LLMs, and also recorded
whether this majority label was unanimous or not
(LLM consensus).

3.4. Metrics
Agreement metrics. To assess annotation qual-
ity and reliability, we compute both traditional and
subjectivity-aware IAA measures. As standard met-
rics, we include Cohen’s κ (Cohen, 1960), Fleiss’s
κ (Shrout and Fleiss, 1979) and Krippendorff’s α
(Hayes and Krippendorff, 2007).

Cohen’s κ measures the degree of pairwise
agreement between two annotators while correct-
ing for agreement expected by chance. It is widely
used in annotation studies to quantify consistency
between raters and to distinguish systematic align-
ment from random coincidence. κ values typically
range from 0 (no agreement beyond chance) to 1
(perfect agreement), with intermediate ranges (e.g.,
0.2–0.4) often interpreted as fair or moderate agree-
ment. Since our datasets were annotated by three
annotators, we compute Cohen’s κ for all annotator
pairs and report the average, which also enables
compatibility with the xRR framework (Wong et al.,
2021) (see below), as xRR builds upon pairwise
κ to quantify inter-group agreement. To comple-
ment pairwise analyses, we additionally compute
Fleiss’ κ which generalises Cohen’s κ to multiple
raters, and Krippendorff’s α, a flexible measure
that accommodates multiple rates, missing data
and different measurement levels.

These metrics all correct for chance agreement,
assuming that all disagreements carry equal weight
and that it exists a single, objective ground truth.
These assumptions are often problematic in so-
cially grounded tasks such as hate speech detec-
tion, where annotator background, cultural framing,
or interpretation of intent can legitimately diverge.
To address these limitations, we also employ xRR
(cross-Replication Reliability) framework (Wong
et al., 2021), which extends traditional reliability
analysis by accounting for systematic patterns of
disagreement. xRR models the extent to which one
group of annotators can reproduce the distribution
of labels from another, offering a more nuanced and
interpretable estimate of replicability in subjective
settings. We omit metrics like simple percent agree-
ment or Scott’s π, as they either ignore chance or
assume annotator interchangeability, making them
unsuitable for subjective, categorical annotations.

4. Experiment 1: Agreement Analysis

The first experiment focuses on annotation agree-
ment, addressing RQ1 and RQ2. Our goal is to
assess how well LLM-generated annotations align

with human judgements and whether subjectivity-
aware metrics provide a more nuanced view than
traditional measures.

Traditional metrics. We begin by assessing an-
notation reliability using Cohen’s κ (Cohen, 1960),
a statistic that measures inter-rater reliability, as-
sessing the agreement between two raters on cat-
egorical items while accounting for agreement that
could occur by chance. To do so, we compared (i)
pairwise κ between human annotators and LLMs:
(ii) each rater vs. the consensus of the other raters
within the group (leave-one-out κ), (iii) each hu-
man vs. LLM majority and each LLM vs. human
majority (cross-group κ), and (iv) group-level κ
based on the majority and consensus labels. Fig-
ure 1 reports (i) and Table 5 reports the rest of the
κ scores.

Rater DETESTS HateXplain MHS
Leave-one-out: H1 0.840 0.470 0.487
Humans H2 0.822 0.471 0.478

H3 0.852 0.462 0.478

Mean 0.838 0.468 0.481

Cross-group: Llama vs. H1+H2 0.052 0.027 0.019
LLM vs. humans Llama vs. H1+H3 0.054 0.022 0.010
leave-one-out Llama vs. H2+H3 0.051 0.027 0.025

Nemo vs. H1+H2 0.300 0.246 0.223
Nemo vs. H1+H3 0.293 0.243 0.223
Nemo vs. H2+H3 0.304 0.244 0.217
DeepSeek vs. H1+H2 0.043 0.001 −0.019
DeepSeek vs. H1+H3 0.045 −0.006 −0.018
DeepSeek vs. H2+H3 0.045 0.000 −0.018

Cross-group: Llama 0.048 0.029 0.023
LLM vs. humans maj. Nemo 0.309 0.343 0.296

DeepSeek 0.042 0.005 −0.017
Mean 0.133 0.126 0.101

Cross-group: H1 0.060 0.025 0.015
Human vs. LLMs maj. H2 0.059 0.031 0.023

H3 0.061 0.024 0.018

Mean 0.060 0.026 0.019

Group-level Majority 0.066 0.029 0.020
Consensus 0.036 0.001 0.006

Table 5: Cohen’s κ agreement scores across hu-
man annotators and LLMs for all datasets. The
table reports: (ii) leave-one-out κ (each rater vs.
the consensus of others within their group), (iii)
cross-group κ (each human vs. LLM majority and
each LLM vs. human majority), and (iv) group-
level κ based on majority and consensus labels. H
represents “human”.

Human annotators exhibit high pairwise agree-
ment across datasets, with mean inter-human κ
values ranging from 0.50 to 0.78. The leave-one-
out analysis further confirms this reliability: each
human annotator aligns closely with the consen-
sus of the others, yielding κ values between 0.46
and 0.85. Among datasets, DETESTS achieves an
almost perfect agreement (κ ≈ 0.84), while Hat-
eXplain and MHS remain at moderate agreement
(κ ≈ 0.47). These results suggest that human an-
notators are relatively stable, even when evaluated
“one versus the rest” scenario, highlighting a robust
signal in the underlying judgement process.

In contrast, LLMs exhibit lower agreement both
among themselves and with human annotators.
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Figure 1: Pairwise Cohen’s κ agreement between human annotators and LLMs across the three datasets.
Cells show κ scores between pairs of raters.

Overall, pairwise inter-LLM κ is generally slight
(κ ≈ 0.17 − 0.24 on average). When compar-
ing LLMs with both the human majority and the
leave-one-out human evaluations, a clear pattern
emerges: Nemo demonstrates the most consistent
alignment with humans, achieving κ values near the
fair agreement range (0.22-0.34) in pairwise com-
parisons. These scores are comparable to those
reported for crowdworkers or lightly instructed anno-
tators in prior subjective annotation studies (Modha
et al., 2019; Assenmacher et al., 2025). This sug-
gests that Nemo is able to capture meaningful as-
pects of human annotation patterns, despite not
being fine-tuned for the task. By contrast, Llama
3.1 and DeepSeek show negligible agreement
with the human majority and leave-one-out human
annotations (below 0.06), with DeepSeek even ex-
hibiting negative values. This suggests that these
models are unreliable for hate speech annotation.

Cross-group comparisons illustrate the persistent
gap between human and LLM annotations. When
each human is compared to the LLM majority, κ
values remain below 0.06 on average, whereas
individual LLMs compared to the human major-
ity achieve slightly higher agreement (up to 0.34
for Nemo). Among the models, Nemo consistently
shows the strongest alignment with human anno-
tations, further confirming its comparatively higher
sensitivity to human labelling patterns. These find-
ings suggest that while aggregated LLM predictions
(majority or consensus) slightly approach human
alignment, they still fall far short of human reliability.
The asymmetry between “human vs. LLM majority”
and “LLM vs. human majority” underscores the un-
even way LLMs capture human labelling patterns.

At the group level, κ scores based on majority
or full consensus are minimal (< 0.07), confirming
that aggregated pseudo-raters do not reach the
reliability of human annotators. Overall, our analy-
sis demonstrates that while LLMs can approximate
certain trends in human annotations, the gap in
agreement remains substantial, emphasising the
need for careful interpretation of LLM-generated

labels in subjective, socially grounded tasks such
as hate speech detection.

Subjectivity-aware metrics. To better capture
the reliability of annotations in subjective settings
like hate speech detection, we complement tradi-
tional agreement measures with xRR. This frame-
work begins with a general definition of Cohen’s
κ that is extended to cross-kappa (κx)–designed
to measure annotation agreement between repli-
cations in a chance-corrected manner–and then
is used to define normalized κx, that measures
similarity between two replications (Wong et al.,
2021). One of the utilities of this metric is to as-
sess whether collected crowdsourced data closely
mirror the target (i.e. data with expert annotations).
In our study, the crowdsourced data are our LLMs
judgements, and our target is the human-annotated
data. According to the authors of the metric, a
high normalized κx can assure us that the crowd-
sourced annotators (i.e. LLMs) are functioning as
an extension of the trusted annotators. This met-
ric approximates the true correlation between two
experiments’ item-level mean scores.

Table 6 reports Fleiss’ κ, Krippendorff’s α and
the average pairwise Cohen’s κ for both human
and LLM annotators across datasets, alongside
the normalized κx between Cohen’s pairs. As ex-
pected, human annotators display strong internal
agreement, with κ, α = 0.78 for DETESTS and
moderate values around 0.5 for HateXplain and
MHS. In contrast, the LLMs exhibit slight to fair
agreement (κ ≈ 0.17− 0.24), indicating substantial
divergence from humans.

Although LLMs exhibit only slight-to-fair agree-
ment, the normalized κx values reveal a fair to mod-
erate degree of similarity between the human and
LLMs annotations (0.35 ≤ normalized κx ≤ 0.41).
This metric does not evaluate pairwise agreement
within a group but instead compares two indepen-
dent replications of an annotation experiment (in
our case, the human and the LLM groups). It quan-
tifies how similarly the two groups behave on aver-
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DETESTS HateXplain MHS
Human Fleiss’s κ 0.784 0.510 0.501
LLMs Fleiss’s κ 0.045 −0.032 −0.010
Human Krippendorffs’s α 0.784 0.510 0.501
LLMs Krippendorff’s α 0.045 −0.032 −0.010
Human mean Cohen’s κ 0.784 0.510 0.501
LLMs mean Cohen’s κ 0.195 0.244 0.174

normalized κx 0.357 0.412 0.411

Table 6: Inter-rater reliability for human annota-
tors and LLMs, computed as using Fleiss’ κ, Krip-
pendorff’s α and mean pairwise Cohen’s κ, with
normalized κx indicating the similarity between
LLM and human annotation distributions. Metric
values are reported up to three decimal; while they
appear identical for humans, differences become
apparent at the fifth or sixth decimal.

age across items, correcting for chance and for dif-
ferences in the marginal label distributions. Hence,
a moderate normalized κx indicates that, although
the LLMs disagree among themselves on individ-
ual items, the overall pattern of their aggregated
annotations moderately mirrors the general tenden-
cies observed in the human judgements. While
traditional IAA metrics portray LLMs as largely un-
reliable, subjectivity-aware normalized κx shows a
more positive picture: although LLMs still fall short
of human-level reliability, they partially capture hu-
man annotation patterns.

Error analysis. We conducted a qualitative error
analysis on the HateXplain dataset, which was se-
lected because it provides fine-grained, target-level
annotations. This granularity allows us to identify
which specific groups are systematically missed
by LLMs. To capture overall trends, we computed
per-target error rates, comparing both individual
model predictions and the majority-vote aggrega-
tion against the human majority labels.

First, we examine error distributions, where LLMs
show a clear asymmetry. Both, Llama 3.1 and
DeepSeek miss a large number of hate instances
(2794 and 2896 false negatives, respectively) while
generating comparatively few false positives (691
and 447), indicating a conservative detection bias.
In contrast, Nemo attains the lowest false negative
rate (620) but substantially over-predicts hate, with
7175 false positives. When considering the majority
vote of all LLMs, the combined predictions yield
2819 false negatives and 594 false positives.

Figure 2 shows the the per-target analysis, high-
lighting systematic weaknesses of LLMs. Rare or
nuanced targets such as Asexual (100% missed),
Non Religious (55.2%), Minority (51.1%) and Jew-
ish (35.6%) are particularly challenging, reflecting
under-detection for low-frequency groups (e.g. tar-
get Asexual only has 5 posts in the dataset) or
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Figure 2: Per-target Missed Hate (%) for LLM ma-
jority.

contextually subtle hate. Similarly, racial and ethnic
categories like African (29.9%) and Arab (24.8%)
also exhibit substantial false negatives. In contrast,
more frequent or explicitly signalled targets such as
Women (11.2%), Men (9.1%), Refugee (9.4%) and
Caucasian (9.0%) show lower miss rates, indicating
stronger detection of gender and migration-related
hate. Some religious categories, such as Islam
(20.3%) and Christian (13.9%), are captured mod-
erately; however, performance varies substantially
across other faith-related labels, including Non Re-
ligious (55.2%) and Jewish (35.6%).

Across models, Llama 3.1 and DeepSeek dis-
play near identical patterns, while Nemo shows
lower miss rates across all targets, but often at the
cost of over-predicting hate, as reflected in its high
false positive count. Overall, these findings indicate
that current LLMs effectively capture hate speech
targeting frequent and explicitly represented gender
categories (e.g., Women and Men), but struggle
with less frequent or more nuanced gender and
sexuality-related identities (e.g., Asexual), as well
as other minority groups.

5. Experiment 2: Ranking Correlation

Section 4 showed that LLMs are not yet reliable
as annotators at the instance level. However, their
partial alignment with human labelling behaviour
motivates exploring an alternative role: their po-
tential as system evaluators. In this second ex-
periment we focus on RQ3, which asks whether
LLM-generated labels can be leveraged to assess
hate speech detection classifiers by preserving
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DETESTS HateXplain MHS
Annotator τ F1 Diff. τ F1 Diff. τ F1 Diff.
LLM consensus 0.898 0.381 0.757 0.386 0.617 0.376
LLM majority 0.910 0.353 0.825 0.348 0.743 0.347
Llama 3.1 0.931 0.357 0.846 0.338 0.788 0.351
Nemo 0.952 0.041 0.964 −0.074 0.949 −0.006
DeepSeek 0.893 0.342 0.419 0.370 −0.747 0.351

Human 1 0.997 −0.005 0.998 0.011 0.995 0.005
Human 2 0.997 −0.020 0.999 0.012 0.995 0.004
Human 3 0.998 −0.009 0.999 0.006 0.997 0.003

Table 7: Ranking correlation (Kendall’s τ ) and mean F1 difference for human vs. LLM annotation. For
each dataset, results for the best LLM are in bold.

the relative ordering of model performance ob-
served under human judgements. Unlike instance-
level agreement, the primary concern for evalu-
ation is whether the labels induce stable, human-
consistent rankings across classifiers. For example,
if we have three different classifiers, and evalua-
tion under human annotations yields the ordering
Model A > Model B > Model C, and evalua-
tion under LLM-based annotations yields the same
ordering, then we would conclude that LLM-based
annotations can be considered valid for evaluation.

Experimental setup. To investigate this ques-
tion, we simulate a set of classifiers using a con-
trolled degradation procedure. We start from an
“oracle system” that perfectly reproduces the hu-
man majority labels (F1 = 1.0), and generate syn-
thetic classifiers by randomly flipping a proportion
p% of predictions. We simulate degradation lev-
els in the range p ∈ [0, 0.99] with a step size of
0.01, resulting in 100 uniformly spaced degradation
points. Each synthetic classifier is then evaluated
against both human and LLM labels, producing
paired performance scores. For each degradation
level, label flipping is performed deterministically
using a fixed seed derived from p to ensure re-
producibility. From these scores, we derive rank-
ings of classifiers under human and LLM evalua-
tion, which we compare using Kendall’s τ (Kendall,
1938). Kendall’s τ is a rank correlation coefficient
that measures the similarity between two orderings:
it ranges from −1 (inverse ordering) to 1 (identical
order), with 0 indicating no association. To comple-
ment this ranking-based measure, we also report
the mean absolute difference in F1BINARY scores
across models to quantify potential distortions in
absolute performance. Algorithm 1 summarises
our experiment. With this setup we can assess
whether LLM-generated annotations can reproduce
human-derived performance orderings, even when
per-instance agreement is limited, providing a prac-
tical test of their utility as evaluators.

Algorithm 1: Correlation-based Evaluation
of LLM Annotations
Input: Human labels H, LLM labels L,

degradation levels P = {p1, . . . , pk}
Output: Kendall’s τ correlation between

rankings, AverageF1Diff
foreach p ∈ P do

Generate synthetic predictions Dp by
flipping a proportion p ∈ [0, 0.99] of
labels in H (gold labels H themselves
remain unchanged);

Compute F1H(p)← F1(H,Dp);
Compute F1L(p)← F1(L,Dp);
Store (p, F1H(p), F1L(p)) in results;

Build rankings RankH and RankL from
results ;

Compute Kendall’s τ between RankH and
RankL;

Compute AverageF1Diff ←
1
|P |

∑
p∈P F1H(p)− F1L(p);

return (τ,AverageF1Diff);

Results. Table 7 presents Kendall’s τ between
rankings derived from human and LLM labels,
alongside the mean absolute difference in F1BINARY
scores. Across datasets, most LLM variants
achieve high rank correlation (τ ≈ 0.84-0.96), indi-
cating that despite low instance-level agreement
(see Table 5), they largely preserve the relative
order of classifiers. The strongest performer is
Nemo, consistently achieving τ ≥ 0.95 with minimal
F1BINARY deviation from human-based evaluation
(e.g. 0.041 on DETESTS). In contrast, DeepSeek
fails on MHS, (τ < 0), producing an inverted rank-
ing relative to human judgements. For Llama
3.1 and DeepSeek, mean F1BINARY differences
remain substantial, showing that high rank corre-
lation does not ensure accurate absolute scores.
Overall, these results indicate that preserving rela-
tive model rankings is a less stringent requirement
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unlike instance agreement and can be achieved by
some LLMs even when κ is low. While LLMs offer
coarse evaluations of relative model performance,
their reliability is model and dataset dependent, and
absolute score estimates remain biased.

6. Conclusions

This study examined the reliability of LLMs as an-
notators for hate speech detection through the lens
of subjectivity-aware metrics. We compared tra-
ditional agreement metrics, such as Cohen’s κ,
with the cross-Replication Reliability framework,
which accounts for systematic disagreement pat-
terns across annotator groups.

Our findings show that while LLMs achieve only
slight to fair agreement under conventional metrics,
subjectivity-aware evaluation paints a more opti-
mistic picture: their judgements partially mirror hu-
man annotation tendencies, though they remain be-
low human-level reliability. However, this improve-
ment is not uniform across models: among the eval-
uated systems, Nemo achieves substantially higher
agreement (approaching fair κ), whereas Llama
3.1 and DeepSeek remain in the slight agreement
range. This indicates that our conclusions are par-
tially influenced by model selection and that not all
LLMs exhibit the same degree of alignment with hu-
man annotators. These results suggest that LLMs
should not yet be treated as full substitutes for hu-
man annotators in socially grounded tasks. Fur-
thermore, aggregation via majority voting does not
necessarily improve alignment: in our setting, the
majority vote largely reflects the behaviour of the
two less aligned models, effectively diluting the
comparatively stronger performance of Nemo.

However, when repurposed as evaluators rather
than annotators, LLMs can reliably reproduce rel-
ative model performance. In this correlation ex-
periment, stronger models achieve near-human or-
dering (Kendall’s τ ≥ 0.95) with minimal mean F1
distortion, whereas weaker or misaligned models
may produce inverted orderings (negative τ ). This
suggests that preserving relative model rankings is
a weaker requirement than annotator-level agree-
ment: carefully selected LLM labels can support
model comparison and evaluation audits when hu-
man labels are scarce, provided that correlation is
verified on the target dataset.

7. Ethics

Hate speech detection involves the processing of
sensitive social media data and potentially harm-
ful language. All datasets used in this study were
publicly released and have been previously em-
ployed for research purposes. We strictly adhered
to the terms of use of each dataset and ensured

that no personally identifiable information was used
or shared. While our experiments involved LLMs
generating annotations on hate-related content, we
took care to avoid exposing harmful text outside
controlled experimental settings. We acknowledge
the societal risks of misclassification and the po-
tential biases embedded in both human and ma-
chine judgements. Our work aims to promote trans-
parency and responsible evaluation for sensitive
tasks like hate speech detection.

8. Limitations

Our analysis is limited to binary hate speech de-
tection and to datasets in English and Spanish,
which may restrict the generalisability of our find-
ings to other languages or more fine-grained hate
categories. The LLMs evaluated represent only a
subset of available architectures, and performance
may vary with different models or prompt formu-
lations. We intentionally adopted simple prompts
to isolate model behaviour, leaving prompt varia-
tion outside the scope of this work. Finally, we
constrained comparisons to instances with exactly
three human annotators to ensure parity with the
number of LLM raters, which may have reduced
overall data coverage.
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