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Abstract
Online polarization poses a growing challenge
for democratic discourse, yet most computa-
tional social science research remains monolin-
gual, culturally narrow, or event-specific. We
introduce POLAR, a multilingual, multicul-
tural, and multi-event dataset with over 110K
instances in 22 languages drawn from diverse
online platforms and real-world events. Polar-
ization is annotated along three axes, namely
detection, type, and manifestation, using a va-
riety of annotation platforms adapted to each
cultural context. We conduct two main exper-
iments: (1) fine-tuning six pretrained small
language models; and (2) evaluating a range
of open and closed large language models in
few-shot and zero-shot settings. The results
show that, while most models perform well in
binary polarization detection, they achieve sub-
stantially lower performance when predicting
polarization types and manifestations. These
findings highlight the complex, highly contex-
tual nature of polarization and demonstrate the
need for robust, adaptable approaches in NLP
and computational social science. We release
all resources to support research and effective
mitigation of digital polarization globally.1

1POLAR: https://polar-semeval.github.io/

1 Introduction

Online polarization, defined as sharp division and
antagonism between social, political, or identity
groups, has become a pervasive threat to demo-
cratic institutions, civil discourse, and social co-
hesion worldwide (Waller and Anderson, 2021).
It is often fueled by biased or inflammatory con-
tent in digital media, strengthening echo chambers
and undermining mutual understanding (Garimella,
2018). Polarized discourse amplifies ideological di-
vides and can escalate into hate speech, harassment,
and real-world violence (Piazza, 2023; Martínez-
España et al., 2024). Therefore, early detection of
polarization is essential for designing interventions
that promote healthier online ecosystems.

Despite increasing attention, computational ap-
proaches to polarization face several limitations.
First, most existing datasets focus on English or
high-resource languages, reflecting a widespread
trend across NLP tasks that ignores the rich di-
versity of linguistic and sociocultural contexts in
which polarization manifests (Simchon et al., 2022;
Piazza, 2023; Rojo Martínez, 2025). Second, previ-
ous studies are event-specific or monodomain, such
as U.S. elections or Western political debates, lim-
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