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Abstract

The Multilingual Bias and Propaganda Annota-
tion task focuses on annotating biased and pro-
pagandist content in political discourse across
English and Tamil. This paper presents the
findings of the shared task on bias and pro-
paganda annotation task. This task involves
two sub tasks, one in English and another in
Tamil, both of which are annotation task where
a text comment is to be labeled. With a par-
ticular emphasis on polarizing policy debates
such as the US Gender Policy and India’s Three
Language Policy, this shared task invites par-
ticipants to build annotation systems capable
of labeling textual bias and propaganda. The
dataset was curated by collecting comments
from YouTube videos. Our curated dataset con-
sists of 13,010 English sentences on US Gender
Policy, Russia-Ukraine War and 5,880 Tamil
sentences on Three Language Policy. Partic-
ipants were instructed to annotate following
the guidelines at sentence level with the bias
labels that are fine-grained, domain specific
and 4 propaganda labels. Participants were en-
couraged to leverage existing tools or develop
novel approaches to perform fine-grained anno-
tations that capture the complex socio-political
nuances present in the data.

1 Introduction

Social media platforms have become impor-
tant medium for communication, enabling the
widespread exchange and access to information
from diverse sources (Datta et al., 2021). How-
ever, this open ecosystem is increasingly filled with
harmful content, including various forms of mis-
information such as propaganda, conspiracy theo-
ries, and biased narratives (Zubiaga et al., 2016).
The rapid scale and sophistication of such content
demand solutions beyond manual fact checking
(Nakov and Da San Martino, 2020). Consequently,
developing automated methods to detect and miti-
gate biased and propagandist content has become

an urgent research priority (Zaghouani et al., 2024;
Aksenov et al., 2021).

The term bias is defined as "Bias is a dispropor-
tionate weight in favor of or against an idea or thing,
usually in a way that is inaccurate, closed-minded,
prejudicial, or unfair" (Steinbock, 1978). Biases
can be innate or learned (Welsh and Begg, 2016).
Propaganda can take many forms, including polit-
ical speeches, advertisements, news reports, and
social media posts (Guess and Lyons, 2020). Its
goal is usually to influence people’s attitudes and
behaviors, either by promoting a particular ideol-
ogy or by persuading them to take a specific action
(Berinsky, 2017; Casavantes et al., 2024).

Hence our task !, 2, addresses the critical need
for analyzing bias and propaganda in multilingual
political discourse. Developing annotation guide-
lines for complex data is a challenging task. In
our tasks, we have identified the ideological bias
related to support or against the government deci-
sions on transgender rights, three language policies.
We consider this as biases because it highly judg-
mental on sensitivity concerns. Annotating such
bias is crucial for understanding how regional and
linguistic identities are influenced in political dis-
course (Aksenov et al., 2021). The purpose of this
annotation is to examine how political narratives
shapes the public opinion by favoring or attacking
specific policies and identities. To overcome these
limitations, annotation efforts should incorporate
diverse human perspectives: involving annotators
from multiple cultural and linguistic backgrounds
has been shown to reduce bias and capture nuanced
interpretation. Addressing this challenge requires
incorporating diverse perspectives and multi cul-
tural insights during annotation, which can signifi-
cantly enhance the robustness and fairness of NLP
systems.

"https://sites.google.com/view/lt-edi-
2025/tasks?authuser=0
Zhttps://codalab.lisn.upsaclay.fr/competitions/22054
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2 Related Works

Understanding and detecting bias in political dis-
course has become main concerns in computational
social science (Heppell et al., 2023). Earlier re-
search have explored the linguistic features of bi-
ased content and propaganda tactics in news ar-
ticles, speeches and online comments (Lim et al.,
2020; Allcott and Gentzkow, 2017). (Rashkin et al.,
2017) analyzed linguistic pattern across different
types of biased text, including fake news and po-
litical fact-checks. The work identified the sub-
tle forms of bias through lexical and syntactical
structures. (Da San Martino et al., 2019) offered a
fine-grained taxonomy for identifying propaganda
techniques in news articles. This work emphasized
on detecting 18 specific propaganda techniques in
news articles, such as appeal to fear, flag-waving,
and loaded language. (Baly et al., 2020) presented
study on predicting the political ideology of news
articles. With a comprehensive dataset of with
34,737 news articles yielded the model’s robust-
ness. The authors suggested novel modeling ap-
proaches, such as a specially modified triplet loss
function and adversarial media adaptation to deal
with propaganda tactics in cultural contexts.

Multilingual bias detection presented by (Maity
etal., 2024) created two large-scale datasets, mWik-
iBias and mWNC in eight Indian languages. The
authors propose techniques for the detection of
neutrality bias in politically and socially sensitive
articles through models such as mDeBERTa and
mTS5. (Chavan and Kane, 2022) proposed a method
for multi label propaganda detection using LLM.
The WANLP 2022 shared task, which called for
recognizing several propaganda strategies in a sin-
gle text, inspired the development of their system.
They achieved a micro-F1 score of 59.73% by
using an ensemble of five models to handle the
complexity of detecting 21 different propaganda
techniques. (Zaghouani et al., 2024) conducted
FIGNEWS shared task as a component of the Ara-
bicNLP 2024 conference, which was held concur-
rently with ACL 2024. This work used the early
stages of the Israel War on Gaza as a case study to
examine bias and propaganda annotation in multi-
lingual news posts. Their findings highlights the
importance of clear guidelines and collaborative ef-
forts in advancing NLP research on sensitive opin-
ion analysis tasks.

3 Task Description

The shared task, addresses the crucial need for an-
alyzing bias and propaganda in multilingual po-
litical discourse. This task aligns with the NLP
community growing efforts to create datasets and
guidelines for complex opinion analysis through
collaborative shared tasks. There are two tasks in
this shared task

* Task 1: Bias and Propaganda Annotation in
English

— Sub Task 1.1: US gender policy dataset
The goal is to focuses on annotating con-
tents related to Trump’s US gender pol-
icy against transgender individuals. The
task is to annotate based on the bias and
propaganda guidelines in English texts
that discuss this policy. There are totally
6 bias labels and 4 propaganda labels.

— Sub task 1.2: Russia-Ukraine dataset An-
notate the content of YouTube comments
related to the Ukraine-Russia war in En-
glish. The task involves categorizing the
comments based on bias and propaganda,
following established guidelines for an-
alyzing bias and propaganda in English
texts. There are totally 8 bias labels and
4 propaganda labels.

* Task 2: Bias and Propaganda annotation in
Tamil - Three language policy Dataset.
The goal of task 2 is to provide annotating
content related to the Three Language Pol-
icy/India’s National Education Policy related
issues. The task is to annotate based on the
bias and propaganda guidelines in Tamil texts
that discuss this policy. There are totally 7
bias labels and 4 propaganda labels.

Annotation Guidelines

* Unbiased: Neutral / Without favoritism.
Example: "The US Gender Policy aims to ad-
dress the rights of transgender individuals in
military service, but the policy has been met
with mixed reactions from different communi-
ties."

* Biased Against US Gender Policy: Criti-
cizes negatively.
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Biased against others
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Pro-Ukraine
Pro-Russia

8 Bias Labels

Biased against Ukraine
Biased against Russia

Biased against others

7 Bias Labels

Biased against Policy
Language/Linguistic Bias
Political Bias
Regional/Geography Bias
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Not Applicable
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4 Propaganda Labels
4 Propaganda Labels
| |Propaganda

Not Propaganda 4 Propaganda Labels | __|Propaganda
Unclear Not Propaganda
Not Applicable | |Propaganda Unclear

Not Propaganda Not Applicable

Unclear

Not Applicable

Figure 1: Task Overview and Annotation Labels

Example: "The US Gender Policy discrimi-
nates against transgender individuals by deny-
ing them the right to serve in the military, an
unjust decision that harms the LGBTQ+ com-
munity."

Biased in Favor of US Gender Policy:
Strongly supports.

Example: "Trump’s US Gender Policy is a
necessary measure to protect national security
and uphold traditional values, and it’s a step
in the right direction for the country."

Biased Against Others: Criticizes others neg-
atively.

Example: "Those who oppose Trump’s US
Gender Policy are out of touch with reality
and are prioritizing political correctness over
national security."

Unclear: Text is incomplete.

Example: "The debate over the US Gender
Policy continues, but many people are still
unsure about its long-term impact."

* Not Applicable: Irrelevant to the topic.
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Example: "The latest economic report shows
growth in GDP this quarter."

4 Dataset Description

The dataset has been carefully curated from the
YouTube platform by collecting comments from
videos discussing the political concern. To identify
relevant videos, we utilized a combination of hash-
tags such as ‘National Education Policy’, ‘Three
Language Policy’, ‘US gender policy’, ‘Ukraine
Russia War’ alongside manual keyword searches
including terms like ‘Zelensky’, ‘Putin’ and ‘Trump
US Gender Policy’.

After gathering the comments, we applied pre-
processing steps to remove unrelated or noisy con-
tent. This included removing usernames, URLs,
and comments containing fewer than three words
to ensure data quality and relevance. The dataset
statistics is shown in table 1

S Participant Methodology

A total of 20 teams registered to participate in this
shared task. However, only 2 teams submitted their



Task No. of | Vocab | Avg Length

Samples Size | (in tokens)
Sub Task 1.1 7911 | 9,475 21.54
Sub Task 1.2 5,099 | 12,619 37.95
Task 2 5,880 | 33,076 28.97

6 Results and Discussion

Table 1: Dataset statistics across different subtasks

results. Following are the detailed methodology of
the participating teams.

e Scalar: Team Scalar contributed to Subtask

1.1 by performing manual annotations on the
provided textual data, focusing on identify-
ing bias and propaganda techniques present in
discourse related to US gender policy. The an-
notation was carried out by two undergraduate
students, both aged between 20-23. The man-
ual annotation effort by Team Scalar is critical
in generating high-quality, labeled datasets for
training robust NLP models.

Team Scalar also developed a transformer-
based NLP model to detect both propaganda
techniques and bias using the annotated data.
They trained the model using transfer learn-
ing on a specially annotated dataset label en-
coding bias categories and tagging six pro-
paganda techniques while adding extra non-
propaganda examples to reduce class imbal-
ance. The model was optimized with Adam
and trained for four epochs (batch size 32) us-
ing sparse categorical crossentropy, achieving
roughly 47.9 % accuracy.

Mithun: This team present a context-aware
neural model for detecting bias and pro-
paganda in multilingual political discourse.
Their approach stands out for its comprehen-
sive annotation methodology, leveraging ad-
vanced metrics such as Bias Score, Cosine
Similarity, Fairness Difference, and Weighted
Fl-score to evaluate both the fairness and
accuracy of language models across diverse
demographic and linguistic groups. By ap-
plying these metrics to English and Tamil
datasets on sensitive topics like US gender
policy, Ukraine/Russia discourse, and Three
Language Policy the participant demonstrate
significant disparities in model performance
and fairness, highlighting the persistent chal-
lenges of bias in multilingual NLP.

Team Name Cohen’s Kappa Rank

(Sub Task 1.1)

Scalar 0.71 1

Mithun 0.39 2
Sub Task 1.2  Rank

Mithun (0.42) 1
Task 2: Tamil Rank
Mithun (0.48) 1

Table 2: Bias and Propaganda Annotation Task results
across English and Tamil subtasks.

Evaluation Metric: Cohen’s Kappa

Cohen’s Kappa (k) is a statistical measure used
to assess inter-annotator agreement for categori-
cal classification tasks while correcting for chance
agreement. It is defined as:

Po_Pe
K =
1-PF,

Where:

» P, is the observed agreement between annota-
tors,

* P, is the expected agreement by random
chance.

A k value of:

* 1 indicates perfect agreement,
* 0 indicates chance-level agreement,

* Negative values indicate systematic disagree-
ment.

Results and Quantitative Analysis

Table 2 presents the performance outcomes of par-
ticipating systems across multiple subtasks:
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e Sub Task 1.1 (English): Team Scalar
achieved the highest Kappa score of 0.71, indi-
cating substantial agreement and strong clas-
sification capability. Team Mithun followed
with 0.39, reflecting moderate agreement and
highlighting difficulties in capturing nuanced
propaganda techniques in English.

* Sub Task 1.2 (English): Despite a moderate
Kappa score of 0.42, Mithun ranked first, im-
plying effective relative performance on this
subtask.



* Task 2 (Tamil): Mithun attained a Kappa of
0.48, leading the task. This score reflects mod-
erate agreement in a low-resource language
scenario, where annotation and detection chal-
lenges are more pronounced.

7 Conclusion

This shared task aims to enhance the annotation pro-
cess of bias and propaganda in multilingual politi-
cal discourse, focusing on English and Tamil texts.
The shared task highlighted the role of clear guide-
lines, examples, and collaboration in advancing
NLP research on complex, sensitive, and opinion
analysis tasks. The resulting dataset and insights
contribute valuable resources and direction for fu-
ture work in this important area. Despite limited
submissions, the task underscored the challenges
in multilingual annotation and the importance of
culturally-informed guidelines. Future efforts will
focus on expanding the dataset, refining the annota-
tion schema, and encouraging broader participation
to build more generalizable models.
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