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Abstract

This paper presents our findings for SemEval-
2026 Task 9. We submit to all three subtasks
using an LLM-as-an-annotator strategy, simu-
lating the data annotation process with large
language models. We created 30 LLM annota-
tors using persona injection (also known as so-
ciodemographic prompting) and experimented
with various annotation aggregation methods,
including Dawid-Skene and MACE. To further
increase the variability in annotator responses,
we used the hatefulness detection task as proxy
for identifying polarisation. Our findings indi-
cate that this reframing of the problem is effec-
tive for the binary classification of polarisation,
but is less effective for finer-grained polarisa-
tion detection. For subtasks 2 and 3, major-
ity voting yielded the best overall performance.
While our unsupervised approach does not rank
as highly as supervised ones, this work provides
insight into the utility of persona-based prompt-
ing and the issue of LLM annotators exhibiting
high intra-model agreement.

1 Introduction

Polarisation, defined as “the increasing extrem-
ity of opinions, beliefs, or behaviors, resulting in
heightened intergroup divisions and conflict”, has
become a growing problem in online conversations
(Naseem et al., 2026b). Early detection is crucial
in order to promote more positive discourse online.
This paper describes our submission for SemEval-
2026 Task 9: Detecting Multilingual, Multicultural
and Multievent Online polarisation (Naseem et al.,
2026a). We address all three subtasks, Subtask
1: Polarisation Detection, Subtask 2: Polarisation
Type Classification and Subtask 3: Manifestation
Identification.

The dataset for this task was very large, cov-
ering 22 languages for subtasks 1 and 2 and 18
languages for subtask 3. The overall label distribu-
tion is almost evenly split between polarised (53%)
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and non-polarised (47%) samples. For some lan-
guages the label distribution deviated significantly
from the average. For example, the Khmer lan-
guage dataset contained 91% polarised samples,
while the Hausa language dataset contained only
11% polarised samples. Full label distributions can
be found in Naseem et al. (2026b).

We approach this task using an LLM-as-an-
annotator strategy, leveraging large language mod-
els to simulate the mass annotation process. In our
experiment, we generated 30 LLM annotators using
3 base models (Gemma-3 27B (Gemma-Team et al.,
2025), Qwen 2.5 72B (Qwen et al., 2025), and
Llama 3.3 70B (Grattafiori et al., 2024)) and per-
sona injection (Deshpande et al., 2023; Santurkar
et al., 2023) (10 personas per model). The annota-
tors were generated with diverse backgrounds and
beliefs across five categories: political affiliation,
race/ethnicity, religion, gender, and sexual orienta-
tion. To derive the final labels, we simulated the
annotation process by applying disagreement aggre-
gation strategies, including Dawid-Skene (Dawid
and Skene, 1979) and MACE (Hovy et al., 2013).

We also experiment with the LLMs annotating
each example for hatefulness as a proxy for identi-
fying polarisation; an example is identified as po-
larised when a defined threshold of disagreement
among LL.M annotators is met.

2 Related Work

2.1 Large Language Models as Annotators

Annotation using LLMs. Large Language Mod-
els (LLMs) are increasingly suitable for automated
annotation tasks, possessing a high level of lan-
guage understanding and the ability to process un-
constrained textual inputs (Naveed et al., 2025).
Since their introduction, zero-shot, few-shot, and
fine-tuned LLMs have been used to automate the la-
borious task of human annotation (He et al., 2024),
with Tornberg (2025) reporting that LLMs can out-
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perform human experts in objective labelling tasks.
Much of the literature, however, does not conclude
that LLMs outperform humans (Ollion et al., 2023;
Thapa et al., 2023; Reiss, 2023), with language
models performing worse as the task difficulty in-
creases (Ding et al., 2024) or when the task requires
subjective interpretation. It is difficult to determine
the true effectiveness of language models on the an-
notation task, as the performance metric will often
be the agreement with a “gold-standard” human
judgment, which is not always correct itself (Alm,
2011; Aroyo and Welty, 2015). Despite this issue,
it is often reported that introducing LLMs into the
annotation pipeline to collaborate with human la-
bellers can improve both accuracy and efficiency
(Li, 2024; Yuan et al., 2025).

LLM Performance. LLMs generally exhibit per-
formance levels proportional to the number of to-
kens trained on and the number of model parame-
ters (Kaplan et al., 2020; Hoffmann et al., 2022).
Chain-of-thought prompting (Wei et al., 2023) can
offer improvements in model accuracy on tasks
involving reasoning (Wei et al., 2022) but they
also come with significant inference costs; API ac-
cess for OpenAl’s reasoning ol model was roughly
6x more expensive than GPT-40 (Smolaks, 2025).
When scaling up for larger-scale annotation tasks,
this significantly increases computational require-
ments.

Non-thinking models are still competitive, how-
ever, with models in the Llama 3 (Grattafiori et al.,
2024), Qwen 2.5 (Qwen et al., 2025), and Gemma
3 (Gemma-Team et al., 2025) families being high-
performing for their parameter size. Libraries such
as Outlines (Willard and Louf, 2023) and Guidance
(Lundberg et al., 2022) are also useful for constrain-
ing the output of non-thinking models, forcing the
correct output format and avoiding unnecessary
token inference.

Quantisation is a popular and high-performing
technique used to fit larger models on limited
hardware resources (Frantar et al., 2022). High-
parameter quantised models tend to outperform
full-precision lower-parameter models within the
same family (Dettmers and Zettlemoyer, 2023).

2.2 Modelling Annotator Disagreement

Demographic factors of annotators have been found
to have a significant impact on their perception of
multiple Natural Language Processing tasks, in-
cluding offensiveness, politeness, and hate speech

detection (Pei and Jurgens, 2023; Kumar et al.,
2021). Building on this foundation, sociodemo-
graphic prompting (also called persona prompting)
assigns a large language model a specific “persona”
or set of characteristics to emulate when making
a classification decision (Deshpande et al., 2023;
Santurkar et al., 2023). This is particularly im-
pactful for subjective tasks such as polarisation de-
tection and hatefulness detection, where annotator
disagreement is generally higher.

3 System Overview

Our approach treats the polarisation task as an an-
notation task, automated using LL.Ms. This auto-
mated annotation pipeline is shown in Figure 1.
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Figure 1: Visualised automated LLM annotation

pipeline.

3.1 Annotation Task & Personas

For the annotation task, we adopt three approaches:

* Collect the base annotation from each LLM
for whether the text is polarising;

* Generate 10 personas per model and collect
responses from each persona-model combi-
nation for whether the text is polarising (for
subtask 2, we ask whether the post is charac-
teristically polarising — e.g. “politically polar-
ising”);

* Generate 10 personas per model and collect
responses from each persona-model combina-
tion for whether the text is hateful (for subtask
2, we ask whether the post is characteristically
hateful — e.g. “politically hateful”).

Polarisation classification is subjective. As the
task of polarisation detection is subjective, the true
label for each sample can be represented as a dis-
tribution across the “polarised” and “not polarised”
labels, rather than a single binary label. We hy-
pothesise that a diverse set of annotators will better
represent the ground truth distribution, so we use
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sociodemographic/persona prompting to simulate
annotators with different backgrounds and beliefs.
These annotator personas were generated based on
the label categories in subtask 2: political affilia-
tion, race/ethnicity, religion, gender, and sexuality.
For more details on persona generation, see Ap-
pendix B.

Reframing as hatefulness detection. Another
approach to the subjectivity of detecting polarisa-
tion was to reframe the problem as one of hate-
fulness detection. We theorise that annotator dis-
agreement in the hatefulness detection task will be
a strong indicator that a post is polarising and may
also increase the impact of the sociodemographic
prompting; hatefulness detection is likely to be a
more personally subjective task than classifying
text as “polarised” or “not polarised”. This the-
ory is supported by the observation that agreement
among LLM annotators is lower for hatefulness an-
notation than polarisation annotation (see Table 2).
Subtask 3, Manifestation Identification, is not as
well suited to the hatefulness detection task, so we
use only base-LLM and persona-based polarisation
annotation.

3.2 Label Aggregation

After generating the LLM annotations, we aggre-
gate the labels per data point to obtain our final
label for each piece of text. For the annotations
where the LLM is tasked with annotating for polari-
sation, we aggregate with commonly used aggrega-
tion methods seen in crowdsourcing such as Major-
ity Vote, Dawid-Skene (Dawid and Skene, 1979),
and MACE (Hovy et al., 2013). We compare the
performance of these methods when aggregating
each language independently and labels from all
languages together.

Aggregating hatefulness annotations. The hate-
fulness annotations could not be aggregated di-
rectly to obtain a polarisation classification, so we
utilise an alternative method. A sample is classi-
fied as “polarised” if the annotator disagreement
exceeded a given threshold. For example, with a
0.1 threshold, a data point would be considered
polarised if more than 10% of the annotators dis-
agreed with the majority rating. While we set
thresholds manually in these experiments, learn-
ing the threshold could be explored in future work.

Aggregating base polarisation and hatefulness
annotations. To combine base model polarisa-

tion and hatefulness annotations (base + persona,
or bp), we first converted the base polarisation an-
notation into a hatefulness annotation. A base anno-
tation of “not polarised” is converted to an instance
of the majority annotation, while a base annotation
of “polarised” is converted to an instance of the
minority annotation. For example, if only 8% of
the persona annotations for a data point are “not
hateful”, a base annotation of “polarised” would be
converted to “not hateful”, while a base annotation
of “not polarised” would be converted to “hateful”.
The result of this is that the conversion of a “po-
larised” rating reduces the annotator agreement,
while the conversion of a “not polarised” rating
increases the annotator agreement.

After converting the base polarisation annotation
to a hatefulness annotation, the annotations are ag-
gregated using the same method as the hatefulness
annotations.

4 Experimental Setup

All experiments are run on 2x40GB NVIDIA A100
graphics cards. We use vVLLM (Kwon et al., 2023)
to increase inference speed with its use of paged at-
tention and optimisation of multi-card processing.

The hardware constraints play a factor in our de-
cision of pre-trained LLMs. We choose Gemma-3
27B (Gemma-Team et al., 2025), loaded at full 16-
bit precision as the largest of the Gemma 3 family
of models. We then choose Qwen 2.5 72B (Qwen
et al., 2025) and Llama 3.3 70B (Grattafiori et al.,
2024) as high-performing models that can run infer-
ence using 80GB of VRAM when loaded at 4-bit
precision. As the polarisation detection task is one
of closed-set classification, we use Outlines (com-
patible with vLLM model instances) to constrain
the output of the annotation prompt to ensure “yes’
or “no” answers. We treat multi-label subtasks 2
and 3 as a series of independent binary classifica-
tion tasks.

’

Prompting strategies. Following our three
prompting strategies in Section 3.1, we devise three
prompt templates for subtask 1, three for subtask
2, and then two for subtask 3; we do not annotate
for hate speech detection in subtask 3. Example
prompts for each subtask can be seen in Appendix
A.

To run each combination of subtask, model, and
prompting strategy, we use yaml configuration files
(in the configs/ directory) with the annotate. py
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script in our codebase !.

Label aggregation. To aggregate the annotations
with classical crowdsourcing methods, we use
the Crowd-Kit (Ustalov et al., 2021) implementa-
tions of Majority Vote, Dawid-Skene, and MACE.
For our more disagreement-sensitive aggregation
method discussed in Section 3.2, we use the imple-
mentation in post-processing/ within our code-
base.

To decide which method to run on the test set, we
evaluate each combination of prompting approach
and label aggregation method for each subtask on
the development set, using the macro-F1 score —
the task performance metric.

5 Results
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Figure 2: Comparison of annotator aggregation methods
on the development set for subtask 1.

Comparing label aggregation methods for po-
larisation labels. Our base performance bench-
mark was a majority-vote ensemble of the three
LLMs (“base_majority” in Figures 2 and 3). Using
different aggregation methods for the three base
responses yielded no significant improvement in
macro-F1 score across all subtasks. With the per-
sona polarisation annotations, Dawid-Skene im-
proved the overall macro-F1 score by 3.4% on
subtask 1 over base majority vote; due to time
constraints this was not incorporated into our fi-
nal solution. Outside of subtask 1, this method of
persona polarisation prompting performed compa-
rably to the baseline system. As we only compare
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Figure 3: Comparison of annotator aggregation methods
on the development set for subtask 2.

this persona prompting method against the baseline
for subtask 3 and the improvements are not signifi-
cant, we use the base majority vote method in our
subtask 3 submission. The results from these ag-
gregations (for each aggregation method, we take
the highest average macro-F1 between aggregating
by language and across all languages) can be seen
in Table 1.

ST Base Personas (polarisation)
MV DS MACE MV DS MACE
1 0.626 0.626 0.628  0.645 0.660 0.650
2 0.644 0.644 0.631 0.639 0.633 0.631
3 0.595 0.595 0585 0.595 0.592 0.597

Table 1: Macro-F1 scores after aggregating base models
and base models + personas with Majority Vote (MV),
Dawid-Skene (DS), and MACE. The score reported for
each aggregation is the highest average macro-F1 score
recorded between aggregating by language and across
all languages together.

Performance of hatefulness annotations. We
then considered the annotations for hatefulness and
implemented our alternative aggregation methods
for handling small levels of disagreement within
the LLM-annotated data. For the persona_x and
bp_x methods, we classifed text as polarised if
the proportion of annotations of the minority la-
bel exceeded a given threshold (x). For exam-
ple, if 15% of annotations were “hateful” and 85%
“not hateful”, the data point would be classified as
“polarised” when x=0. 1 but “not polarised” when
x=0.2.

We experimented with different values for the
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threshold, as shown in Figure 2 and Figure 3.
The best performing methods were bp_0.1 and
base_majority. Above the 0.1 threshold, perfor-
mance for the bp_x methods sharply decreased. For
the personas_x methods, performance decreased
for any threshold above 0; when using exclusively
persona annotators, it was most effective to con-
sider a data point polarised unless all annotators
agreed. These results suggest that persona-based
prompting does not result in annotations as varied
as we had expected.

Hatefulness annotations were not as effective in
subtask 2. The results for subtask 2 are shown
in Figure 3. After applying the same methods
as for subtask 1, we identified base_majority as
the most effective method. It is notable that the
persona-based methods performed worse on this
subtask than subtask 1, considering that the per-
sonas directly correspond to the polarisation types.
It is relatively unclear why this drop in performance
is observed as the agreement within models (see
Table 2) is lower for subtask 2, indicating that there
should be more disagreement among personas —
seemingly aiding the hatefulness annotation ap-
proach. In subtask 2, the hatefulness persona anno-
tation approach only outperformed the base models
on the “other” label. This could either indicate that
the approach is more useful in more subjective or
broader task definitions; it could also be that the
definitions provided in the prompt for specific types
of polarisation were particularly beneficial for the
LLM:s. Specific definitions were not provided when
the LLMs annotated for hatefulness.

Impact of persona-based annotation. From the
LLM inter-annotator agreement in Table 2, it is
clear why the personas do not offer too much im-
provement (if any) over the baseline ensemble per-
formance. The intra-model agreement (agreement
between different personas of the same model) is
much higher than inter-model agreement. An inter-
esting point to note is that the more subjective task,
hatefulness annotation, has a lower agreement than
polarisation annotation (base model and persona).
This increase in persona impact with hatefulness
annotations may explain the improved performance
on subtask 1. It may be the case that 10 personas
per model is not enough to yield maximum im-
provement. Future work may explore increasing
the number of personas and more advanced meth-
ods of stratifying which persona annotations to
aggregate for a given data point.
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Figure 4: Per-label performance across all languages
for subtask 2.

Average Macro-F1

Figure 5: Per-label performance across all languages for
subtask 3 — stereotype (S), vilification (V), dehumaniza-
tion (D), extreme language (EL), lack of empathy (LoE)
and invalidation (I).

5.1 Test Set Results

Appendix D shows our full results on the test set.
Our system is not ranked highly for subtask 1,
however it was expected that our unsupervised ap-
proach would not perform as well as supervised
methods. Our five highest-performing languages
were Burmese, Nepali, Bengali, English, and Pun-
jabi. While English is a high-resource language,
the other four were initially unexpected. However,
these four languages were high-performing for the
polarisation detection task across many teams, so
the high performance is likely a result of the spe-
cific dataset used, rather than our method.

For subtask 2, the performance of our system
varied in comparison to other submissions; we were
highly ranked in the German and Italian languages
but lower in others. Our system performed best
when predicting “Political” polarisation, with an
average macro-F1 of 0.58 across all languages, and
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Base Polarising Hateful
All Llama Qwen Gemma All Llama Qwen Gemma
Subtask 1 0.707 0.707 0.894  0.893 0.894 0.657 0.879 0.877 0.912
Subtask2 0.596 0.646 0.888 0.897 0.882 0.525 0.744 0.803 0.821

Table 2: Overall agreement scores (Krippendorff’s alpha (Krippendorff, 1970)) for base models, personas annotating
for polarisation, and personas annotating for hatefulness on subtasks 1 and 2. For subtask 2 (multi-label), agreement
is calculated per label (political, racial/ethnic, etc.) and then averaged over labels.

worst when predicting “Other” polarisation, with
an average macro-F1 of 0.30 across all languages.

For subtask 3, as with subtask 2, the performance
of our system varied in comparison to other submis-
sions, and we were again highly ranked in the Ger-
man language. Our system performed best when
predicting “Vilification”, with an average macro-F1
of 0.53 across all languages, and worst when pre-
dicting “Invalidation”, with an average macro-F1
of 0.30 across all languages.

We also considered that our results could be in-
fluenced by the characteristics of the dataset, par-
ticularly the inter-annotator agreement and the lan-
guage family. However, neither of these factors
significantly affected the result — see Appendix C
for the results of our analysis.

When comparing our results with the label dis-
tribution (see Figure 6), however, it is clear that
stark label imbalance is associated with low perfor-
mance.
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Figure 6: Comparison of model performance with
dataset label balance for subtask 1.

6 Conclusion

We have applied large language models as unsuper-
vised annotators to the polarisation detection task,
focusing on sociodemographic/persona prompting.
While overall our results are not highly ranked on
the leaderboard, we provide evidence that while so-

ciodemographic prompting can improve model per-
formance, agreement among personas of the same
model remains high. As the subjectivity of the task
increases (such as annotating for hatefulness over
polarisation), so too does the disagreement among
personas; this disagreement can then be utilised as
a signal.

While it is not unusual that an unsupervised
approach would exhibit lower performance than
supervised methods, this work provides more ev-
idence that zero-shot LLM annotation methods
should not yet to be used in place of real human
annotators. Our analysis shows that LLMs do not
perform well with highly imbalanced data and our
results seem to be independent of language family
and inter-annotator agreement.

7 Ethical Considerations

Beck et al. 2024 outline several issues with sociode-
mographic prompting and the use of large language
models as annotators. It is important to empha-
sise that the outputs of sociodemographic/persona
prompting should not be regarded as statements on
the opinions or behaviour of any given individual
or group.
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A LLM Prompts

A.1 Subtask 1: Binary Polarisation
A.1.1 Base Prompting

System Prompt: You are a highly accurate
polarization detection system. You will
be provided with a piece of text in the
{LANGUAGE} language and you must
respond in English with either ’yes’ or 'no’
as to whether the provided text is polarizing.
You must respond ONLY ’yes’ or 'no’ and
terminate your response immediately after
with the end of generation token.

User Prompt: Input text: {INPUT_TEXT}
Is polarizing (yes/no):

A.1.2 Persona Prompting (polarisation)

System Prompt: You are a {POLITICAL
STANCE} {RACE/ETHNICITY} ({RE-
LIGION} {SEXUAL ORIENTATION}
{GENDER}. You will be provided with a
piece of text in the LANGUAGE language
and you must respond in English with either
’yes’ or 'no’ as to whether the provided text is
polarizing. You must respond ONLY ’yes’ or
’no’ and terminate your response immediately
after with the end of generation token.

User Prompt: Input text: {INPUT_TEXT}
Is polarizing (yes/no):

System Prompt: You are a highly accurate
polarization detection system. You will be
provided with a piece of text in the {LAN-
GUAGE} language and you must respond in
English with either ’yes’ or 'no’ as to whether
the provided text is politically/ideologically
polarizing. You must respond ONLY ’yes’ or
’no’ and terminate your response immediately
after with the end of generation token.

Political/ideological  polarization guide-
lines: This type of extremism focuses on
division, intolerance, and conflict between
political parties and followers. Political
polarization refers to political beliefs and
affiliations becoming more extreme. People
may identify more strongly with their political
party, leading to deeper divides and a reduced
willingness to compromise. It broadens
ideological differences between political
groups.

User Prompt: Input text: {INPUT_TEXT}
Is  politically/ideologically  polarizing
(yes/no):

A.2.2 Persona Prompting (polarisation)

A.1.3 Persona Prompting (hatefulness)

System Prompt: You are a {POLITICAL
STANCE} {RACE/ETHNICITY} ({RE-
LIGION} {SEXUAL ORIENTATION}
{GENDER}. You will be provided with a
piece of text in the LANGUAGE language
and you must respond in English with either
’yes’ or 'no’ as to whether the provided text
is hateful. You must respond ONLY ’yes’ or
’no’ and terminate your response immediately
after with the end of generation token.

User Prompt: Input text: {INPUT_TEXT}
Is hateful (yes/no):

A.2 Subtask 2: Polarisation Type
Classification

A.2.1 Base Prompting
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System Prompt: You are a {POLITICAL
STANCE} {RACE/ETHNICITY} ({RE-
LIGION} {SEXUAL ORIENTATION}
{GENDER}. You will be provided with a
piece of text in the {LANGUAGE} language
and you must respond in English with either
‘yes’ or 'no’ as to whether the provided text is
politically/ideologically polarizing. You must
respond ONLY ’yes’ or 'no’ and terminate
your response immediately after with the end
of generation token.

Political/ideological  polarization guide-
lines: This type of extremism focuses on
division, intolerance, and conflict between
political parties and followers. Political
polarization refers to political beliefs and
affiliations becoming more extreme. People
may identify more strongly with their political
party, leading to deeper divides and a reduced
willingness to compromise. It broadens
ideological differences between political
groups.




User Prompt: Input text: {INPUT_TEXT}
Is  politically/ideologically  polarizing
(yes/no):

A.2.3 Persona Prompting (hatefulness)

System Prompt: You are a {POLITICAL
STANCE} {RACE/ETHNICITY} {RE-
LIGION} {SEXUAL ORIENTATION}
{GENDER}. You will be provided with a
piece of text in the LANGUAGE language
and you must respond in English with either
’yes’ or 'no’ as to whether the provided text is
politically/ideologically hateful, considering
that you are politics. You must respond ONLY
yes’ or 'no’ and terminate your response
immediately after with the end of generation
token.

User Prompt: Input text: {INPUT_TEXT}
Is politically/ideologically hateful (yes/no):

A.3 Subtask 3: Manifestation Identification
A.3.1 Base Prompting

System Prompt: You are a highly accurate
polarization detection system. You will
be provided with a piece of text in the
{LANGUAGE} language and you must
respond in English with either ’yes’ or 'no’
as to whether the provided text exhibits
stereotyping AND is polarizing. You must
respond ONLY ’yes’ or 'no’ and terminate
your response immediately after with the end
of generation token.

Stereotype guidelines: Stereotype: This
manifestation occurs when a message general-
izes certain characteristics of individuals to
all members of a group, ignoring individual
differences. Stereotypes simplify complex per-
sonalities into one-size-fits-all representations.

User Prompt: Input text: {INPUT_TEXT}
Exhibits stereotyping AND is polarizing
(yes/no):

A.3.2 Persona Prompting (polarisation)

System Prompt: You are a {POLITICAL
STANCE} {RACE/ETHNICITY} ({RE-

LIGION} {SEXUAL ORIENTATION}
{GENDER}. You will be provided with a
piece of text in the {LANGUAGE} language
and you must respond in English with either
’yes’ or 'no’ as to whether the provided text
exhibits stereotyping AND is polarizing.
You must respond ONLY ’yes’ or 'no’ and
terminate your response immediately after
with the end of generation token.

Stereotype guidelines: Stereotype: This
manifestation occurs when a message general-
izes certain characteristics of individuals to
all members of a group, ignoring individual
differences. Stereotypes simplify complex per-
sonalities into one-size-fits-all representations.

User Prompt: Input text: {INPUT_TEXT}
Exhibits stereotyping AND is polarizing
(yes/no):

B Persona Generation

We selected the characteristics for the sociodemo-
graphic/persona prompting based on the polarisa-
tion categories within subtask 2: political affilia-
tion, race/ethnicity, religion, gender and sexual ori-
entation. Personas were generated for each subtask
using these characteristics. To create a relatively
even distribution, we generate the first 50% of the
personas via random selection for each character-
istic. For the other 50% of the personas, for each
characteristic we select the value that is rarest in
the current set of personas.

As we only use a small number of unique per-
sonas (10) per model, we limit the set of potential
values for the characteristics in order to make our
sets of generated personas more consistent (see
Table 3). This limited set is a limitation of our
method, as the generated personas are less diverse.
Including a wider range of personas would likely
improve the result - future work could examine this
effect.
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Characteristic Potential Values
Political Affiliation | left-wing, politically
moderate, right-wing 07 . .
Race/Ethnicity Black, East Asian, Mid- ool s ¢
dle Eastern, Mixed g
. S 0.5 ®
Race, White :
— n n . % ] Language Family
Religion Atheist, Christian, §°' o Aronsiatc
. . . 4 Indo-European
Hindu, Jewish, Muslim 03 ustroasatic °
Sino-Tibetan
Gender man, woman 02| & MNeerconso
- L ] ravidian
Sexual Orientation heterosexual, homosex- o Turkic
ual 0:1 0.‘2 O.‘3 O.‘4 0:5 0:6 0.‘7 0.‘8
Inter Annotator Agreement (Fleiss Kappa)
Table 3: Potential values for the persona characteristics. (a) Subtask 1
C Analysis of Inter-Annotator Agreement 051 . .
Figure 7 compares our test set results with inter- 05 .
annotator agreement (reported for subtask 1 only ¢
. £ 0.4
but reused for the subtask 2 and subtask 3 analysis) % Lanquage Family
and language family. Our results show high vari- Los] T hmisean . .
ability, and there is no clear association between Austasiac
the variables. 021 0 e onae
@ Turkic ®
0:1 0.‘2 0.‘3 0.‘4 0:5 0:6 0.‘7 0.‘8
Inter Annotator Agreement (Fleiss Kappa)
(b) Subtask 2
0.7 {
0.6
L ]
E 05 | .
8 .®
2 0.4
& Language Family
g ® Afro-Asiatic
Z 03 Indo-European
Austroasiatic
0.2 4 Sino-Tibetan ®
® Niger-Congo
® Dravidian
0.1 ® Turkic P
0:3 0.‘4 0.‘5 0.‘6 0.‘7 0:8

Inter Annotator Agreement (Fleiss Kappa)

(c) Subtask 3

Figure 7: Comparison of model performance with
dataset inter annotator agreement and language fam-
ily.

D Full Results
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Language Subtask 1 | Subtask 2 | Subtask 3
Ambharic (amh) | 0.6811 0.4916 0.4423
Arabic (arb) 0.6863 0.5910 0.5800
Bengali (ben) 0.7099 0.3128 0.2352
German (deu) 0.6650 0.5950 0.5153
English (eng) 0.7084 0.4660 0.4959
Persian (fas) 0.4977 0.4378 0.3127
Hausa (hau) 0.3179 0.1325 0.0752
Hindi (hin) 0.5236 0.5974 0.6981
Italian (ita) 0.5394 0.5375 N/A
Khmer (khm) 0.1440 0.2719 0.1260
Burmese (mya) | 0.7653 0.4780 N/A
Nepali (nep) 0.7267 0.6368 0.5524
Odia (ori) 0.6365 0.4675 0.2240
Punjabi (pan) 0.6994 0.4237 0.3842
Polish (pol) 0.6234 0.5367 N/A
Russian (rus) 0.5487 0.4037 N/A
Spanish (spa) 0.5001 0.5433 0.4456
Swahili (swa) 0.6471 0.3007 0.4243
Telugu (tel) 0.4957 0.2832 0.2260
Turkish (tur) 0.5939 0.5923 0.4904
Urdu (urd) 0.5785 0.4818 0.7316
Chinese (zho) | 0.6983 0.6208 0.4283

Table 4: Macro F1 scores for each language and task.

Language Political | Racial/Ethnic | Religious | Gender/Sexual | Other
Amharic (amh) | 0.8041 0.5883 0.3883 0.2632 0.4139
Arabic (arb) 0.7026 | 0.6160 0.6264 0.5953 0.4149
Bengali (ben) 0.7486 | 0.0649 0.2690 0.2000 0.2814
German (deu) | 0.6815 0.6011 0.6230 0.7333 0.3363
English (eng) 0.6290 0.5503 0.5191 0.4658 0.1659
Persian (fas) 0.7295 0.1818 0.4291 0.4472 0.4014
Hausa (hau) 0.1908 0.1895 0.1643 0.1081 0.0097
Hindi (hin) 0.8888 0.3375 0.9077 0.6463 0.2069
Italian (ita) 0.5933 0.6000 0.7065 0.4654 0.3224
Khmer (khm) | 0.4969 | 0.3143 0.0192 0.3590 0.1699
Burmese (mya) | 0.5872 | 0.3274 0.4103 0.3762 0.6886
Nepali (nep) 0.4972 | 0.7559 0.8732 0.6935 0.3640
Odia (ori) 0.6138 0.4228 0.6154 0.4337 0.2517
Punjabi (pan) 0.5937 0.3784 0.5217 0.3906 0.2340
Polish (pol) 0.7603 0.5538 0.6829 0.4751 0.2114
Russian (rus) 0.3954 | 0.5306 0.5000 0.5045 0.0879
Spanish (spa) 0.5783 0.5553 0.6103 0.6311 0.3416
Swahili (swa) | 0.0974 | 0.6516 0.4689 0.1138 0.1715
Telugu (tel) 0.2505 0.2594 0.1667 0.3794 0.3601
Turkish (tur) 0.7655 0.6686 0.7601 0.5737 0.1938
Urdu (urd) 0.8277 0.3732 0.4681 0.1917 0.5486
Chinese (zho) | 0.3349 | 0.8219 0.7838 0.8303 0.3330

Table 5: Macro F1 scores for the individual labels for subtask 2.
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Language S A\ D EL LoE |

Ambharic (amh) | 0.6541 | 0.5975 | 0.3478 | 0.4671 | 0.3047 | 0.2826
Arabic (arb) 0.7364 | 0.7574 | 0.5154 | 0.7096 | 0.4448 | 0.3161
Bengali (ben) | 0.2177 | 0.5918 | 0.3257 | 0.1606 | 0.0628 | 0.0524
German (deu) | 0.6774 | 0.6039 | 0.4361 | 0.5011 | 0.5063 | 0.3671
English (eng) 0.4567 | 0.6553 | 0.4682 | 0.6226 | 0.3088 | 0.4640
Persian (fas) 0.3371 | 0.4786 | 0.2083 | 0.3947 | 0.2604 | 0.1972
Hausa (hau) 0.1390 | 0.0362 | 0.1056 | 0.1384 | 0.0275 | 0.0048
Hindi (hin) 0.7594 | 0.7939 | 0.4591 | 0.6909 | 0.7492 | 0.7358
Khmer (khm) | 0.0652 | 0.1687 | 0.1524 | 0.1019 | 0.2041 | 0.0636
Nepali (nep) 0.7397 | 0.6621 | 0.3548 | 0.7672 | 0.2819 | 0.5085
Odia (ori) 0.3577 | 0.2939 | 0.1765 | 0.3577 | 0.0728 | 0.0851
Punjabi (pan) 0.3810 | 0.4508 | 0.4138 | 0.3576 | 0.3033 | 0.3988
Spanish (spa) 0.5034 | 0.6327 | 0.2726 | 0.5394 | 0.4580 | 0.2674
Swahili (swa) | 0.6065 | 0.4765 | 0.2301 | 0.3555 | 0.4911 | 0.3861
Telugu (tel) 0.3026 | 0.2390 | 0.2000 | 0.1532 | 0.2713 | 0.1899
Turkish (tur) 0.7375 | 0.6681 | 0.3439 | 0.7661 | 0.2647 | 0.1619
Urdu (urd) 0.7981 | 0.7941 | 0.5647 | 0.7779 | 0.7770 | 0.6780
Chinese (zho) | 0.7213 | 0.6997 | 0.3567 | 0.3604 | 0.2233 | 0.2084

Table 6: Macro F1 scores for the individual labels for subtask 3 - stereotype (S), vilification (V), dehumanization
(D), extreme language (EL), lack of empathy (LoE) and invalidation (I).
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