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Abstract

We propose a unified multilingual approach
that addresses multiple languages and subtasks
efficiently. Our system combines multilingual
models with data-level techniques and a class-
weighted cross-entropy loss to mitigate data
imbalance across languages, subtasks, and cat-
egories. Results show consistent performance
across languages, achieving macro F1 scores
above 70% in most languages for Subtask 1,
with our highest rank for Persian (1st out of
44). These results suggest that the proposed
framework provides a flexible foundation for
multilingual and multi-task polarization analy-
sis.

1 Introduction

This paper addresses SemEval-2026 Task 9
(Naseem et al., 2026a), which focuses on multilin-
gual online text classification from the perspective
of polarization. Subtask 1 involves binary classi-
fication to determine whether a given text is po-
larized, covering 22 languages. Subtasks 2 and 3
are formulated as multi-label classification tasks:
Subtask 2 aims to identify polarization types, while
Subtask 3 focuses on polarization characteristics.
These subtasks span 22 and 18 languages, respec-
tively.

We utilize open-source encoder-based BERT-
based (Devlin et al., 2019) transformer models to
construct a unified framework for multilingual and
multi-subtask classification. A central component
of our approach is the use of a class-weighted cross-
entropy loss, which aims to enable relatively sta-
ble and effective learning under varying degrees
of class imbalance across subtasks and languages.
In addition to the loss design, we explore comple-
mentary strategies at both the model and data lev-
els, including the selection of multilingual encoder
models and the application of back-translation for
selected languages.

Our approach shows consistent multilingual per-
formance, particularly in Subtask 1, which was
the main focus of our team. The proposed sys-
tem achieves macro F1 scores above 70% in 20
of the 22 languages, with several languages ex-
ceeding 85%. Although the remaining subtasks are
more challenging due to their label complexity and
diverse data distributions, the unified framework
with a class-weighted cross-entropy loss still at-
tains competitive performance in several languages.
Overall, these results indicate the potential of the
proposed strategy as a general framework for mul-
tilingual online text polarization tasks.

2 Background

Online polarization, which is defined as the increas-
ing divergence of opinions, attitudes, or affective
orientations between individuals or groups within
a public or political domain (Arora et al., 2022),
has emerged as a critical challenge in digital com-
munication. Polarized speech contributes to the
deepening of societal divisions and undermines
constructive dialogue (Naseem et al., 2026b).
Subtask 1 is formulated as a binary classification
task that aims to determine whether a given post
contains polarized content (Polarized or Not Polar-
ized). The binary class distributions are highly
skewed in most languages. Polarized samples
dominate in Khmer (90.8%), Hindi (85.5%), and
Ambharic (75.6%), while Hausa (10.7%) and Odia
(28.8%) data are heavily biased toward the non-
polarized class. This multilingual disparity mo-
tivates both our back-translation strategy for se-
lected languages and the class-weighted loss ap-
plied across all languages (Naseem et al., 2026b).
Subtask 2 follows a data structure similar to that
of Subtask 1, however, it differs in that this sub-
task requires classification of the polarization type.
Accordingly, it comprises the following five labels:
political/ideological polarization, racial or ethnic

182

Proceedings of the The 20th International Workshop on Semantic Evaluation (2026), pages 182-192
July 3-4, 2026 ©2026 Association for Computational Linguistics


mailto:ohman@waseda.jp

polarization, religious polarization, gender/sexual
orientation polarization, and other.

Subtask 3 focuses on how polarization is ex-
pressed, with the following five labels: stereotype,
vilification, dehumanization, extreme language and
absolutism, lack of empathy or understanding, and
invalidation. Subtask 3 covers 18 languages.

Subtasks 2 and 3 are multi-label classification
tasks with 5 and 6 categories respectively. Full
per-language distributions are provided in Tables 6
and 7.

Both subtasks exhibit severe label sparsity in
certain language-category combinations. In Sub-
task 2, the Italian subset contains zero samples for
both “political" and “other” categories. Beyond this
extreme case, Hausa has fewer than 5% positive
samples in all five Subtask 2 categories, and Ben-
gali shows similar patterns with several categories
below 1%. In Subtask 3, Hausa “invalidation” con-
tains only 9 positive samples out of 3,651, and Odia
“dehumanization” has 16 out of 2,368.

At the opposite extreme, Urdu exhibits dense
multi-labeling across both subtasks, with all cate-
gories exceeding 50%. In contrast, the Hausa sub-
set of Subtask 2 contains under 5% samples for all
categories, indicating differences in data collection
or annotation scope for the different languages.

3 System Description

Our system first investigates several open-source
encoder-based Transformer models. The system
was designed to emphasize broad applicability
rather than language-specific tuning, following pre-
vious work in which a similar approach produced
stable results in semantic relatedness tasks (Taka-
hashi et al., 2024). To address the data imbalance,
we apply back-translation for selected languages.
In addition, we employ a class-weighted cross-
entropy loss to further mitigate class imbalance
across different subtasks and categories, enabling
more effective learning under imbalanced data dis-
tributions. This work does not aim to achieve
strong language-specific optimization, but rather,
it seeks a solution that can be broadly applied to
multiple languages and related tasks. Since we par-
ticipate in all available subtasks and languages, we
adopt multilingual models and begin with simple
experimental settings, which are then refined in
subsequent experiments.

4 Experimental Setup

Due to the data imbalances and annotation differ-
ences, we focused on data augmentation for the less
balanced languages. Under our class-weighted loss
method, class weights are inversely proportional
to sample counts. For extremely sparse categories
such as Hausa ‘“invalidation” in Subtask 3, this
yields wy = 3,651/9 ~ 405.7, which may cause
training instability.

4.1 Multilingual Stylistic Analysis

To understand how polarization manifests linguisti-
cally across languages, we analyze 11 surface-level
features capturing social media conventions and
emphatic markers: emoji-presence and -density,
@mention and #hashtag frequencies, repeated
punctuation (//, ???, !?), all-caps ratio, overall
punctuation density, and text length. This anal-
ysis addresses two objectives: identifying cross-
linguistic patterns in polarization expression, and
explaining model performance variations, particu-
larly for languages exhibiting extreme social media
characteristics.

Ambaric and Odia show higher @mention rates
in polarized texts (+0.193, and +0.170 respec-
tively), suggesting direct user engagement as the
primary polarization mechanism. Ambharic and
Russian further distinguish this pattern by simul-
taneously reducing hashtag usage (-0.104 and —
0.164), prioritizing interpersonal targeting over top-
ical indexing. The Italian case provides evidence
for model selection: the polarization-driven rise
in @mention count (+0.064) and the increase in
repeated punctuation (+0.031) shifts the discourse
from topical argumentation to interactive confronta-
tion. This structural change directly favors TwHIN-
BERT (Zhang et al., 2023), which encodes so-
cial graph dependencies, over generic web-crawled
models like XLM-RoBERTa (Conneau et al., 2020).
For more information on stylistic features in the
data, see Table 8.

4.2 Back-Translation vs Language-specific
Models

Previous work suggested that data augmentation
can be beneficial in multilingual classification
tasks, particularly under imbalanced data condi-
tions (Takahashi et al., 2025). Based on this, back-
translation (Sennrich et al., 2016; Edunov et al.,
2018) was implemented in the present study to ad-
dress the significant class imbalances observed in
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our datasets. This process aimed to introduce syn-
tactic diversity while preserving semantic meaning
by targeting samples from the minority class. For
the English data set, we utilized MarianMT mod-
els (Junczys-Dowmunt et al., 2018) (Helsinki —
NLP/opus — mt — en — de and de — en) to
pass a fraction of the polarized samples through an
English-German-English pipeline. Similarly, for
Hindi, we applied an English-intermediate pipeline
(Helsinki — NLP/opus — mt — hi — en and
en— hi) to increase underrepresented samples, thus
synthesizing a more balanced training distribution
(Tiedemann and Thottingal, 2020).

However, these augmentation efforts varied sig-
nificantly between the two languages. For the En-
glish data set, back-translation of the polarized mi-
nority class did not yield the intended performance
gains; the RoOBERTa-Base model’s F1-macro score
decreased from 0.85 on the raw data to 0.8058
after augmentation, suggesting that the added syn-
tactic variations may have introduced noise that
hindered generalization. In contrast, the strategy
proved highly effective for Hindi, where augment-
ing the non-polarized samples allowed the XLM-
RoBERTa-Base model to reach a peak F1-macro
score of 0.7749, a clear improvement over the
0.7475 achieved using raw data alone. Similarly
to English, the Spanish and Russian data also saw
worse F1 scores with data augmentation using back-
translation.

In addition to our general experiments, we ex-
plored the efficacy of language-specific models for
the Italian, Chinese, and Hindi datasets to lever-
age pre-trained architectures optimized for these
linguistic families. For the Hindi dataset, we specif-
ically evaluated MuRIL (Multilingual Representa-
tions for Indian Languages) (Khanuja et al., 2021),
a model pre-trained on a diverse corpus of Indian
languages. However, despite these optimizations,
MuRIL achieved a test 0.72 F1-macro score, which
is lower than our baseline.

These findings suggest that data augmentation
was not uniformly beneficial; therefore, we used it
selectively rather than as a general strategy across
languages.

4.3 Model Selection

In the early stages of our experiments, we evaluated
several Transformer-based models to identify mod-
els that could effectively improve performance. We
first experimented with relatively simple models,
such as RoBERTa-Base (Liu et al., 2019), XLM-

RoBERTa (Conneau et al., 2020), and subsequently
adopted TwHIN-BERT (Zhang et al., 2023) to bet-
ter align the system with the characteristics of the
target data, which consist of relatively short con-
texts related to social media posts.

The performance of two models fine-tuned on
the task dataset during the development phase is
compared in Table 1. For RoBERTa-base, the En-
glish base model was applied to English data, while
XLM-RoBERTa-base was used for the remaining
languages. In contrast, TWHIN-BERT-base was
employed across all languages reported in Table 1.

Overall, TWHIN-BERT-base achieves better per-
formance than XLLM-RoBERTa-base in many lan-
guages, although slight performance decreases are
observed for several languages. However, this com-
parison is limited to multilingual models. When
compared with a language-specific model, different
trends are observed. For English, the RoOBERTa-
base model clearly outperforms the multilingual
alternatives. Unsurprisingly (Pamies et al., 2020),
for some non-English languages, the multilingual
model shows clear advantages. Notably, TwHIN-
BERT-base achieves a substantial improvement in
Italian, with an increase of approximately 25 per-
centage points. This result is likely attributable to
the model’s pre-training on Twitter data, as the Ital-
ian subset tends to contain relatively extreme and
informal expressions characteristic of social media
text.

Given our system design strategy of developing
aunified solution that efficiently addresses multiple
languages and use cases, we select TWHIN-BERT-
base as our base model. Its multilingual nature and
pre-training on SNS-related text allow subsequent
fine-tuning and experimental configurations to gen-
eralize more effectively across diverse languages
and task settings.

4.4 Class-weighted Cross-entropy Loss

In order to address data imbalance across multi-
ple languages, categories and subtasks, the cross-
entropy loss was customized to assign relatively
heavier weights to labels with fewer samples. Here,
let N, denote the number of training samples be-
longing to class &, and let

=N 1

where N = ), Ny, is the total number of samples.
Using these class weights, the modified cross-
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Model Amh Ara Deu Eng Fas

Hau Hin Ita= Nep Spa Tur Urd Zho

RoBERTa-base

0.669 0.726 0.624 0.828 0.803 0.662 0.707 0.352 0.880 0.694 0.747 0.698 0.892
TwHIN-BERT-base 0.728 0.731 0.673 0.704 0.803 0.722 0.859 0.606 0.850 0.671

0.800 0.732 0.864

Table 1: Performance comparison across languages

Hyperparameter Value
Batch size (train) 16
Batch size (validation) 32
Training epochs 10
Learning rate 2x107°
Warm-up steps 40
Weight decay 0.01
Early stopping patience 4
Maximum sequence length 256

Table 2: Hyperparameter settings

entropy loss is defined as

Lwer(0) = =Y witplogye(k [ z), (2)
K

where Lwcg(6) denotes the weighted cross-
entropy loss.

From Eq. (1), it follows that classes with fewer
samples are assigned larger weights wyg, which in-
creases their contribution to the weighted cross-
entropy loss Lwcg. Consequently, misclassifica-
tion errors for underrepresented classes yield larger
gradient magnitudes during optimization. This
class-weighting scheme mitigates the bias toward
majority classes and promotes more balanced pa-
rameter updates in the presence of data imbalance.
Additionally, early stopping was used, with the
hyperparameter setting summarized in Table 2.

The class-weighted cross-entropy loss was em-
ployed for 16 languages in Subtasks 1, all 22 lan-
guages in Subtask 2, and for all 18 languages in
Subtask 3. In particular, Subtask 2 and Subtask 3
exhibited substantial class imbalance in several la-
bels across multiple languages, motivating the use
of class weighting. In these scenarios, our modified
loss function is designed to effectively address data
imbalance in a manner that is consistently applica-
ble across all languages and categories.

5 Results

Table 9 in the Appendix reports the macro F1 scores
across languages from the task leaderboard, to-
gether with language-specific rank information for
our submission (hidetsune). Overall, our unified
multilingual setup performs most strongly on Sub-
task 1. Across the 22 languages in this subtask, the

mean macro F1 is 0.7728, and performance exceeds
0.70 in 20 of 22 languages. The highest scores are
obtained for Nepali (0.8870), Telugu (0.8734), and
Burmese (0.8631), while German (0.6693) and Ital-
ian (0.4981) are the most challenging cases.

Subtasks 2 and 3 are considerably more diffi-
cult. In Subtask 2, the mean macro F1 across
22 languages is 0.5195. The strongest results
are observed for Hindi (0.7702), Nepali (0.7637),
Urdu (0.7563), and Chinese (0.7082), while Ital-
ian (0.2080) and Hausa (0.2321) remain challeng-
ing. In Subtask 3, which covers 18 languages, the
mean macro F1 is 0.4734. Urdu (0.7835) and Hindi
(0.7356) perform best, whereas Hausa (0.2058)
shows the lowest score.

The lower overall performance and higher vari-
ance in Subtasks 2 and 3 are consistent with the
data properties discussed earlier. Unlike Sub-
task 1, these are multi-label settings in which some
language-label combinations contain very few posi-
tive examples, and in some cases no positive exam-
ples at all. Under such conditions, weighted loss
remains useful, but it is not sufficient on its own:
sparse supervision makes it difficult to learn stable
decision boundaries, while fixed decision thresh-
olds may further reduce performance by producing
a poor precision-recall balance for rare labels. This
helps explain why our approach remains compara-
tively robust in Subtask 1 but is less stable in the
more imbalanced multi-label subtasks.

6 Error Analysis

To better understand where the model fails, we con-
ducted an error analysis for Subtask 1 across all
22 languages in the test set. Italian and German
emerged as particularly difficult cases, but for dif-
ferent reasons. In Italian, the model frequently over-
predicts polarization, whereas in German it more
often fails to detect it. These two languages there-
fore provide useful case studies for understanding
the limitations of our approach beyond overall per-
formance scores. In particular, they suggest that
cross-language variation is shaped not only by re-
source level or dataset size, but also by how polar-
ization is expressed stylistically and rhetorically.
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6.1 Italian

Italian is the most difficult language in Subtask 1
for our system. The error profile is dominated by
false positives: the model produces 538 false pos-
itives compared with 215 false negatives, and the
predicted polarization rate (68.3%) is substantially
higher than the gold rate (47.3%). This indicates
that the model tends to over-predict polarization in
Italian.

Representative examples are shown in Table 3.
A common pattern is that many false positives con-
tain strong emotional or interactional cues, such as
repeated punctuation, elongated spelling, insults,
or highly expressive phrasing. However, these
posts do not necessarily express the kind of group-
directed antagonism or ideological opposition that
the task is intended to capture. Instead, many of
them reflect personal frustration, casual confronta-
tion, or emotionally charged commentary without
a clear polarized target.

We therefore hypothesize that the model has
learned an association between expressive inten-
sity and polarization that is too broad in the Ital-
ian setting. This interpretation is consistent with
the stylistic analysis in Section 4.1, which showed
that polarized Italian texts are characterized by
increased @mentions and repeated punctuation.
These features may be informative overall, but they
also make it easier for the model to overgeneralize
from emotional tone to polarization, especially in
informal discourse where expressive language is
common even outside political or intergroup con-
texts.

# Text Characteristics

FP-1“Ma cosa chiedete alla Bruzzone Frustration toward a
ma perché la invitate a paga- public figure; no clear
mento poilll!” political content
(Why do you invite her, and
even pay for it?!)

FP-2 “lui ha il 44 di piede, ’assassino Matter-of-fact ~ com-
il 42. Fine” ment on a crime case;
(His shoe size is 44, the killer’s non-ideological
is 42. End of story.)

FP-3“Ma che caxxo dici se non Se- Personal attack with re-
bastano paghera sulla Terra ligious framing; not di-
paghera davante a Dio” rected at a group
(What are you saying—he will
face God’s judgment.)

FP-4 “Una marea di ipocrisia! Svegli- Strong emotional
aaaaaaa!!” tone with exaggerated
(A flood of hypocrisy! Wake spelling; no obvious
uuuup!!) political axis

Table 3: Representative false positive (FP) cases in Ital-
ian

6.2 German

German shows a different error pattern. Although
false positives are still more frequent than false
negatives overall, a large share of the false nega-
tives belongs to the political category. This sug-
gests that the main issue in German is not simple
over-triggering, but rather the model’s difficulty in
identifying certain forms of implicitly expressed
polarization.

The examples in Table 4 illustrate this point. Sev-
eral of the false negatives convey stance through
contrast, irony, provocation, or rhetorical framing
rather than through overtly emotional or abusive
wording. On the surface, such texts may appear
neutral, analytical, or ambiguous, even when they
clearly position the speaker in relation to a polar-
ized issue. In these cases, lexical cues alone appear
insufficient.

Taken together, the German results suggest that
our model struggles when polarization is commu-
nicated indirectly rather than through emotionally
salient surface features. Whereas the Italian errors
point to over-reliance on expressive style, the Ger-
man errors indicate difficulty with discourse-level
meaning, including irony and argumentative fram-
ing. Addressing this limitation would likely require
stronger modeling of context and rhetoric, rather
than relying primarily on local lexical or stylistic
cues.

# Text Characteristics
FN- “Klimaschutz != Umweltschutz. Analytical tone;
1 Umweltschutz ist ‘hier’, da geht stance conveyed

es um Bienen und Blumen ... through framing
Klimaschutz dagegen ist ein rather than emotion
weltweites Problem”

(Climate protection # environ-

mental protection. The latter is

local; the former requires funda-

mental behavioral change.)

FN- “4 Superreiche sind gestorben, ist Short and ambiguous;
2 gut fiirs Klima” could be read as satire
(4 ultra-rich people died—good or provocation
for the climate.)

FN- “Putin ist unser Sponsor”
3 (Putin is our sponsor.)

Likely ironic; mean-
ing depends on con-
text

FN- “Sich fiir Klimaschutz einsetzen Paradoxical statement;
4 schadet dem Klima.” rhetorical rather than
(Advocating for climate protec- literal
tion harms the climate.)

Table 4: Representative false negative (FN) cases in
German
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7 Limitations and Future Work

One limitation of our work is the limited explo-
ration of language-specific models. Since our pri-
mary goal is broad applicability across multiple lan-
guages and subtasks, we did not conduct sufficient
experiments to investigate how, and under what
conditions, language-specific models might out-
perform our unified approach based on fine-tuned
multilingual models. Further experimental analy-
ses and direct comparisons would help clarify the
trade-offs and applicability of these approaches.
Additionally, while early stopping was employed
to mitigate potential overfitting, we did not perform
detailed hyperparameter tuning for individual lan-
guages or categories. This simplified setup may be
suboptimal in certain cases, for example when a
language has a limited number of training samples,
where fixed hyperparameters, such as a large batch
size or a high learning rate, can lead to instabil-
ity during fine-tuning. Moreover, the number of
warm-up steps could have been more carefully de-
signed based on data-specific conditions, including
the dataset size and the degree of class imbalance.
Furthermore, adjusting the decision thresholds
based on softmax outputs may have been beneficial
for certain languages, particularly in cases where
straightforward fine-tuning and inference did not
yield satisfactory performance. For example, as dis-
cussed earlier, the Italian data in Subtask 1 exhibit
relatively extreme expressions, suggesting that in-
creasing or decreasing the decision threshold could
potentially influence performance. Such post-hoc
analyses, conducted outside the fine-tuning process,
might have provided a more efficient performance
improvement compared to other strategies.

8 Conclusion

Throughout this study, we employed multilingual
models to develop an efficient and unified solution
for handling multiple languages and subtasks. We
began by fine-tuning a baseline model and subse-
quently compared it with a model more closely
aligned with the task across several selected lan-
guages. In addition to model-side exploration,
we also investigated approaches focusing on the
data, including data augmentation through back-
translation and analyses of emoji usage. Further-
more, our system is built upon a modified cross-
entropy loss designed to consistently mitigate var-
ious forms of data imbalance across languages,
subtasks, and categories. Together, these design

choices establish a flexible foundation for a solu-
tion that can effectively generalize to diverse lan-
guages and use cases.

Our approach demonstrates robust performance
across multiple languages, particularly in Sub-
task 1, which was the primary focus of this study.
Specifically, our system achieves a macro F1 score
exceeding 70% in 20 out of the 22 languages pro-
vided for Subtask 1, with several languages reach-
ing values above 85%. While performance on the
remaining subtasks tends to be suboptimal due to
their inherent difficulty, such as the presence of
five to six label categories and various data distri-
butions across categories, our unified system incor-
porating a class-weighted cross entropy loss still
attains macro F1 scores above 70% for some lan-
guages. These results indicate that our overall strat-
egy is broadly applicable across a wide range of
languages and use cases related to online text po-
larization, although there remains room for further
improvement. Our highest ranks were 1 out of 44
for Persian in Subtask 1, 3 out of 45 for Hausa in
Subtask 1, 5 out of 27 for Swahili in Subtask 2, and
2 out of 19 for both Persian and Hausa in Subtask 3.
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Figure 1: Z-score normalized difference between polarized and non-polarized texts across stylistic features. Red
indicates higher values in polarized texts and blue indicates lower.
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Language Samples Pol. %

Khmer 6,640 90.8
Hindi 2,744 85.5
Ambharic 3,332 75.6
Persian 3,295 74.1
Urdu 3,563 69.5
Burmese 2,889 58.2
Telugu 2,366 53.8
Nepali 2,005 50.3
Spanish 3,305 50.2
Swabhili 6,991 50.1
Chinese 4,280 49.6
Punjabi 1,700 49.4
Turkish 2,364 48.9
German 3,180 47.5
Arabic 3,380 4477
Bengali 3,333 42.7
Polish 2,391 41.9
Italian 3,334 41.0
English 3,222 36.5
Russian 3,348 30.6
Odia 2,368 28.8
Hausa 3,651 10.7

Table 5: Training samples and Subtask 1 polarized proportion (%) per language, sorted by polarized proportion.
Subtask 3 excludes Italian, Burmese, Polish, and Russian.

Language Political % Racial % Religious % Gender % Other %

Ambharic 66.8 25.9 2.0 0.6 24.8
Arabic 23.1 17.3 8.4 10.9 16.7
Bengali 34.0 0.8 2.0 0.5 10.1
Chinese 5.9 22.6 2.0 16.9 8.6
English 35.7 8.7 3.5 2.2 3.9
German 40.7 18.5 11.1 5.9 13.8
Hausa 4.9 3.2 2.6 0.8 0.4
Hindi 73.7 12.1 58.7 11.5 13.1
Italian 0.0 22.4 8.6 114 0.0
Khmer 18.3 1.5 3.4 1.7 65.9
Burmese 25.3 53 3.1 10.6 45.1
Nepali 17.2 14.0 7.9 5.2 11.8
Odia 21.0 5.0 6.3 33 3.7
Punjabi 30.8 5.9 7.9 11.2 8.9
Polish 36.6 9.0 3.6 4.6 6.5
Russian 13.9 9.8 4.1 5.7 2.4
Spanish 27.3 18.9 15.9 13.4 134
Swabhili 2.7 35.5 3.5 2.2 7.9
Telugu 21.6 17.0 9.0 13.3 23.7
Turkish 44.7 16.9 15.2 4.8 4.8
Urdu 67.2 54.4 55.3 51.2 50.7
Persian 43.9 2.4 9.6 6.0 24.2

Table 6: Subtask 2 positive label proportions (%) per language. Multi-label; rows do not sum to 100%.
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Language Stereo.% Vilif. % Dehum.% Extreme % Lackemp.% Invalid. %

Ambharic 54.6 48.5 13.2 30.6 17.6 16.0
Arabic 33.3 37.2 11.0 30.4 17.0 8.1
Bengali 6.0 24.1 10.7 4.7 1.9 1.8
Chinese 30.1 18.5 5.0 8.1 7.9 4.8
English 15.1 26.6 12.1 23.9 11.1 18.2
German 35.9 30.1 14.9 21.8 26.7 16.3
Hausa 4.3 1.2 3.5 3.0 0.9 0.2
Hindi 49.7 65.2 18.2 50.6 56.7 65.7
Khmer 68.3 1.5 1.2 2.3 11.0 6.5
Nepali 26.8 314 6.6 27.1 10.6 15.0
Odia 10.0 11.7 0.7 13.4 1.6 34
Punjabi 16.2 40.4 22.0 23.9 124 24.4
Spanish 27.5 30.6 8.9 24.2 23.9 10.6
Swabhili 39.7 41.2 12.8 23.9 29.8 23.4
Telugu 11.2 22.7 2.5 13.4 26.3 22.8
Turkish 40.8 324 10.9 43.1 9.6 4.0
Urdu 62.3 64.8 55.6 62.2 56.2 57.2
Persian 13.1 57.5 4.3 16.9 9.9 8.0

Table 7: Subtask 3 positive label proportions (%) per language. Multi-label; rows do not sum to 100%.

Language Emoji % Emoji @Mention % #Hashtag % Repeat  AllCaps Punct.

Density Punct. % %  Density
Italian 6.03 0.13 71.63 25.70 6.48 10.56 4.39
Hausa 30.10 1.23 49.69 30.51 2.71 5.62 4.12
Amharic 0.00 0.00 38.36 14.41 16.03 — 4.07
Turkish 8.93 0.15 29.65 24.70 3.30 7.18 342
Urdu 10.44 0.28 22.96 4241 0.93 — 2.88
Russian 6.27 0.11 22.76 7.53 3.73 4.86 2.75
Odia 8.57 0.25 22.47 241 1.14 — 2.30
Polish 10.54 0.29 9.74 10.33 2.05 3.40 3.55
German 3.93 0.09 9.78 1.48 1.70 2.05 3.16
Swahili 0.00 0.00 2.46 2.86 1.06 0.87 0.37
English 0.06 0.00 1.27 0.03 2.67 3.96 1.85
Hindi 13.67 0.48 0.47 24.20 3.39 — 2.85
Chinese 0.54 0.02 0.14 0.00 0.33 — 8.83
Punjabi 0.00 0.00 0.06 3.29 0.59 — 1.99
Khmer 0.00 0.00 0.06 0.03 0.05 — 1.02
Burmese 24.37 0.71 0.00 0.00 0.31 — 0.56
Persian 9.86 0.23 0.00 4.43 1.37 — 1.94
Arabic 8.58 0.28 0.00 5.62 1.78 — 1.63
Spanish 0.00 0.00 0.00 3.66 5.02 0.00 2.53
Telugu 0.00 0.00 0.00 8.45 0.00 — 1.32
Nepali 0.00 0.00 0.00 0.00 0.95 — 1.46
Bengali 0.00 0.00 0.00 0.00 0.00 — 0.00

Table 8: Cross-language stylistic features. Languages sorted by @mention frequency. “—" indicates scripts without

case distinction (Devanagari, Arabic, Ethiopic, Khmer, Burmese, Telugu).
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Language Subtask 1 Subtask 2 Subtask 3
Amharic  0.7182 (35/42) 0.4995 (16/25) 0.5022 (10/19)
Arabic 0.8160 (33/45)  0.5770 (18/27) 0.5736 (11/19)
Bengali  0.8053 (43/49) 0.2597 (22/30)  0.2355 (6/21)
Chinese  0.8544 (43/46) 0.7082 (24/30) 0.5315 (16/22)
German 0.6693 (42/45) 0.5142 (19/28) 0.4548 (11/19)
English 0.7636 (55/60) 0.4545 (22/36)  0.4838 (9/24)
Persian 0.8348 (1/44)  0.5966 (6/27)  0.4764 (2/19)
Hausa 0.8313 (3/45)  0.2321 (18/28)  0.2058 (2/19)
Hindi 0.7854 (30/47)  0.7702 (14/30)  0.7356 (9/21)
Italian 0.4981 (42/44)  0.2080 (23/26) —
Khmer 0.7320 (12/43) ~ 0.5010 (—)  0.2635 (13/19)
Burmese  0.8631 (27/42) 0.5747 (19/25) —
Nepali 0.8870 (33/44)  0.7637 (16/28)  0.6483 (8/20)
Odia 0.7685 (28/45) 0.4503 (19/27) 0.2183 (13/21)
Punjabi 0.7338 (37/44)  0.5061 (—) 0.5195 (5/20)
Polish 0.7823 (32/43)  0.4838 (20/27) —
Russian ~ 0.7459 (39/43) 0.4608 (19/27) —
Spanish ~ 0.7415 (41/50)  0.6121 (19/29)  0.4874 (7/21)
Swahili 0.7829 (19/44)  0.5099 (5/27)  0.5623 (4/20)
Telugu 0.8734 (19/45)  0.4270 (10/27)  0.3734 (9/21)
Turkish ~ 0.7712 (31/42)  0.5636 (16/26) 0.4662 (11/19)
Urdu 0.7442 (39/46)  0.7563 (17/30) 0.7835 (12/21)
Table 9: Macro F1 scores with leaderboard rank (r/N) per language and subtask for our submission. “—" indicates

the language was not evaluated for that subtask or the submission is not listed in the language-specific leaderboard.

192



