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Abstract

Claim span identification, a crucial task in Natu-
ral Language Processing (NLP), aims to extract
specific claims from texts. Such claim spans
can be further utilized in various critical NLP
applications, such as claim verification, fact-
checking, and opinion mining, among others.
The present work proposes a multilingual claim
span identification framework for handling so-
cial media data in English, Hindi, Bengali, and
CodeMixed texts, leveraging the strengths and
knowledge of transformer-based pre-trained
models. Our proposed framework efficiently
identifies the contextual relationships between
words and precisely detects claim spans across
all languages, achieving a high F1 score
and Jaccard score. The dataset is available
at: https://github.com/pritampal98/claim-span-
multilingual

1 Introduction

The increasing adoption of low-cost and high-speed
internet has led to the proliferation of social media
platforms, such as Twitter and Facebook, with In-
dia alone containing over 462 million users as of
January 2024 (Kemp, 2024). While these platforms
facilitate open expression, they are also prone to the
spread of various claims, some of which contain
misinformation or fake content, posing significant
societal risks.

A ‘claim’ is a minimal text segment (e.g., in
tweets, news articles) expressing verifiable infor-
mation that the author asserts as true. Due to the
prevalence of harmful misinformation, it is essen-
tial to identify and check factual claims on social
media effectively.

Artificial Intelligence (AI) and Natural Lan-
guage Processing (NLP) have made it possible to
perform tasks such as identifying texts that are eli-
gible for claims, distinguishing between factual and
opinionated statements, and verifying claims by ex-
tracting supporting evidence. However, taking a

more detailed approach that identifies the specific
phrases or sections within a sentence that represent
a claim provides even greater value.

Our present research focuses on identifying these
specific claim spans within sentences or texts. Mo-
tivated by the need to identify both factual infor-
mation and misinformation in social media, our
contributions are summarized as follows:

* We expanded the ICPR-CSI (Poddar et al., 2025)
dataset, annotating 4,988 new texts with claim
spans in English, Hindi, and the less-explored
Bengali and Hindi-English CodeMixed texts.

* We develop a multilingual claim span identifi-
cation framework using different transformer-
based pre-trained models for the languages as
mentioned above, utilizing two tagging schemes
(Binary and B-1-O).

2 Related Work

Research in claim identification, spurred by ad-
vancements in deep learning and NLP, has evolved
from simple claim detection (Rosenthal and McKe-
own, 2012; Chakrabarty et al., 2019; Pathak et al.,
2020; Gupta et al., 2021; Wiihrl and Klinger, 2021;
Sundriyal et al., 2021; Gangi Reddy et al., 2022a;
Das et al., 2024) to check-worthiness assessment
(Jaradat et al., 2018; Wright and Augenstein, 2020)
to the more specific identifying factual claim spans
(Sundriyal et al., 2022; Mittal et al., 2023).

Early work by Pathak et al. (2020) proposed a
self-supervised, attention-based method for identi-
fying claim-worthy sentences in fake news. More
recently, frameworks for claim span identification
in social media texts have emerged. Sundriyal et al.
(2022) developed a transformer-based approach for
English texts, while Mittal et al. (2023) proposed
a multilingual framework covering five Indian lan-
guages and English. In 2023, the ‘CLAIMSCAN’
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shared task at FIRE 2023 (Sundriyal et al., 2023)
further facilitated research with the release of a
7.5K claim span dataset. In 2024, the ICPR hosted
a shared task focused on multilingual claim span
identification (Poddar et al., 2025), which saw par-
ticipation from over 40 teams. Among these teams,
the transformer-based approach, specifically XLM-
RoBERTa, achieved the highest results. In contrast,
one team utilized an LLM-based approach, but their
performance fell short of that of the transformer-
based method.

Claim detection is also well-explored in news
articles and specialized domains, particularly con-
cerning COVID-19. Datasets like those proposed
by Salek Faramarzi et al. (2023) include COVID-
19-related tweets for check-worthiness tasks. Nat-
ural Language Inference (NLI) frameworks have
been developed to identify contradictory claims
about COVID-19 drug efficacy (Sosa et al., 2023),
and synthetic datasets like EMCC aim to align
medical claims with evidence (Hughes and Song,
2024). In news articles, methods for cross-lingual
identification of political claims (Zaberer et al.,
2023) and benchmarks like “NEWSCLAIMS” for
attribute-aware claim detection have been intro-
duced (Gangi Reddy et al., 2022b).

While claim identification has been widely stud-
ied across various domains, the specific task of
identifying claim spans has received less attention.
Existing research by Sundriyal et al. (2022) and
Mittal et al. (2023) utilized sample sizes of approx-
imately 7,500 and 7,000, respectively.

3 Dataset

The proposed claim span identification task primar-
ily utilized the ‘ICPR-2024 Multilingual Claim-
Span Identification (ICPR24-CSI)’ dataset (Poddar
et al., 2025), which comprises ~ 15K English and
Hindi samples, each detailing text tokens and cor-
responding claim spans.

Further, we extended this dataset by manually an-
notating with 4,988 texts (English, Hindi, Bengali,
and CodeMixed). These were collected from Twit-
ter (focusing on Indian elections, farmer protests,
and COVID-19 lockdown) and Bengali news head-
lines. Moreover, we integrated 1250 manually an-
notated texts with claim spans from the ‘THAR
(Targeted Hate Speech Against Religion)’ Dataset
(Sharma et al., 2024). The inclusion of THAR data
was motivated by the presence of claims within hate
speech, which often contribute to misinformation.

Annotation Strategy: Three undergraduate in-
terns, proficient in English, Hindi, Bengali, and
CodeMixed, performed the manual annotation of
claims for the THAR subset and our in-house col-
lected Twitter data. Annotators were guided by
three core principles to tag claim spans in a text:
1. Minimally meaningful: Select the shortest text

segment sufficient to express the claim.

2. Verifiability: The selected span must contain in-
formation whose truthfulness can be externally
verified.

3. Authorship: For nested information (e.g., “X
said that Y”), the claim pertains to what X said,
not necessarily the veracity of Y.

Annotators received clear instructions and exam-

ples for each principle to ensure accurate claim

span tagging.

Our final dataset, combining the ICPR-CSI data
with our annotations, totals 1574 English, 1712
Hindi, 655 Bengali, and 1047 CodeMixed texts
with claim spans. Examples from this dataset are
shown in Figure 1, while its language distribution
is detailed in Table 1.

‘\ Ex 17‘ Text: Idk who needs to hear this but ... The vaccine
is not a cure https://t.co/zpEYDLIVkW

Claim Span: "The vaccine is not a cure "

Text: ' A 3refoqaw H o fbar ' - SR R &
S faeR SEER https://t.co/Ri7TIChXpN
(Translation: 'Modi has ruined the economy' - what foreign
newspapers said about GDP https://t.co/Ri7J1ChXpN)

Claim Span: " TR [T, A ]
(Translation: "Modi has ruined the economy", "What foreign
newspapers say about GDP")

Ex ZJ

Ex 3J Text: TR ARSI FU A ([0L (OB
AP W U1 G} FACE (A6

FME. https://t.co/tE3LgQIUpz
(Translation: Keeping in mind the Corona situation, the Election
Commission issued a ban after the election results.
https://t.co/tE3LqQIUpz)
Claim Span: "(OI(GF FEPLETR 7 [NIIETSST GIfq
(Translation: Election Commission issued a ban after the election
results)

Figure 1: claim span examples from final dataset.

Language Training | Validation | Testing
English 7573 500 1500
Hindi 7810 500 1500
Bengali 545 - 110
CodeMixed 971 - 100
Total 16,899 1000 3210

Table 1: Distribution of data in the final dataset

4 Methodology

We aim to develop a claim span identification
framework, treating it as a word-level classifica-
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tion task. Given a sentence S = [wy, wa, ..., wy),
the goal is to classify each word w; as either a
‘Claim’ or ‘Not-Claim” word. This can be repre-
sented as an output sequence [c1, ¢g, ..., Cy], Where
¢; € {0, 1} for binary tagging (0 for ‘Not-Claim’,
1 for ‘Claim’), or ¢; € {0, 1,2} for the B-I-O tag-
ging scheme (0 for ‘O’, 1 for ‘I’, 2 for ‘B’). The
overall model flow diagram is depicted in Figure 2.

Preprocessed Text Tokens/ Words
[W1, wo, W3, ..., wp]

v

Tokenize and Claim Tagging
(Binary/ BIO Tagging)

v

‘ mDistilBERT/ mBERT/ XLM-R/ ’

mDeBERTa/MuRIL/ IndicBERT ...

v

[ Convert token level prediction to word-level ]

v

Sequence of Claim Tags
[c1, €3, €35 -o0s Cpl

Figure 2: Flow diagram for claim span identification.

Text Preprocessing and Tokenization: Since
most of the data were sourced from social media,
some preprocessing steps were taken to reduce
noise: (i) removal of escape sequences, (ii) URL
standardization (replaced with ‘http’), (iii) user-
name anonymization (replaced with ‘@user’), and
(iv) unknown tokens were replaced with <unk>.

Following preprocessing, texts were tokenized
using the corresponding tokenizer for each pre-
trained model (e.g., BERT tokenizer for mBERT).
Transformer tokenizers often split words into sub-
tokens, which can obscure original word bound-
aries. To address this, we captured ‘word_ids’ at
the time of the tokenization of texts. The ‘word_ids’
preserves the original positional index of each
word, crucial for accurate claim word tagging.

Claim Tagging: Two schemes for assigning
claim tags to words were used: binary tagging and
B-I1-O tagging. The binary tagging method, in-
spired by the ICPR24-CSI shared task, assigns tag
‘1’ (Claim) to words within a claim span and tag ‘0’
(No-Claim) to all others.

Along with binary tagging, we also adopted
the B-I-O tagging scheme (Ramshaw and Mar-
cus, 1995), commonly used in sequence labeling
tasks like Named Entity Recognition. Here, ‘B’
(B-CLAIM) denotes the first word of a claim span,
‘I’ (I-CLAIM) marks subsequent words within the
span, and ‘O’ (O-CLAIM) indicates words outside

any claim span. This approach provides more gran-
ular boundary information than binary tagging.

Model Selection and Training: After claim tag-
ging, all token IDs (numeric representation of to-
kens), attention masks, and tags were prepared. We
selected a diverse set of transformer models, rang-
ing from the lightweight mDistilBERT(Sanh et al.,
2019) to the powerful mBERT(Devlin et al., 2018)
and XLM-RoBERTa (base and large) (Conneau
et al., 2019), and the highly effective mDeBERTa,
which performs well in multilingual settings (He
et al., 2021). Given our focus on Indian languages
and CodeMixed texts, we also included MuRIL
(base and large) (Khanuja et al., 2021), IndicBERT
(Kakwani et al., 2020), and IndicBERTVv2 (Dodda-
paneni et al., 2023). These Indic-language-specific
models, trained on 12-24 Indian languages, are ex-
pected to capture more nuanced linguistic aspects
in Hindi, Bengali, and Code-Mixed texts than gen-
eral multilingual models.

The claim span identification framework was
trained by providing token IDs and attention masks
to the selected models as input, aiming for an accu-
rate prediction of claim tags. We used the AdamW
optimizer (Loshchilov and Hutter, 2019) with a
learning rate of 3e-5 and a weight decay of 0.01.
All models were trained for three epochs with a
batch size of 8.

Sub-word Token to Word-level: Following
training, subword-level outputs from the trans-
former models were converted back to word-level,
utilizing the ‘word_ids’ mapping provided by the
tokenizer, effectively re-aligning subword predic-
tions to their original words. This ensures that a
single prediction is made for each original word,
regardless of how it was tokenized into subwords.

5 Results

The claim span identification framework was evalu-
ated using both Binary and B-I-O tagging schemes
across English, Hindi, Bengali, and CodeMixed
datasets. The performances were measured using
macro Fl-score and Jaccard similarity score !, with
detailed results shown in Table 2.

Binary Tagging: In English, the mDeBERTa
model achieved the highest individual F1-score,
which was 78.73. For Hindi, IndicBERTv2 demon-
strated the best standalone performance with an
F1-score of 83.45 and a Jaccard score of 71.77.

"https://scikit-learn.org/stable/modules/generated/
sklearn.metrics.jaccard_score.html
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Binary Tagging B-1-O Tagging

Model English Hindi Bengali CodeMix English Hindi Bengali CodeMix

F1. Jacc. | F1. Jacc. F1. Jacc. | F1. Jacc. F1. Jacc. | F1. Jacc. | F1. Jace. | F1. Jacc.
ICPR-CSI 748 545 | 81.7 67.1 - - - - - - - - - - - -
mDistilBERT || 7543 60.74 | 79.65 66.42 | 74.12 58.97 | 75.06 619 | 62.76 48.15 | 74.28 59.74 | 69.51 53.72 | 64.58 50.79
mBERT 75.87 61.32 | 80.64 67.73 | 72.11 56.6 | 73.36 59.81 | 64.72 50 754 61.15 | 68.65 52.82 | 64.38 50.25
XLM-R 78.4 64.67 | 8328 71.51 | 744 59.25| 77.68 64.85 || 66.28 51.66 | 78.1 64.64 | 71.06 55.58 | 64.51 50.64
XLM-R-Lg 78  64.06 | 82.78 70.82 | 73.69 5835 | 7423 60.78 || 67.7 53.03 | 79.03 65.81 | 70.21 54.25 | 68.28 53.89
mDeBERTa 78.73 65.03 | 83.37 71.68 | 73.55 58.17 | 79.64 67.44 | 67.57 529 | 7932 662 | 69.1 5295 | 67.28 52.66
MuRIL 77.13 62.87 | 82.76 70.78 | 7421 58.99 | 75.54 62.15 | 6593 51.09 | 78.45 65.01 | 69.4 5332 | 67.2 5293
MuRIL-Lg 77774 63.72 | 83.39 71.68 | 75.64 60.82 | 7499 61.7 | 66.96 52.32 | 7891 65.65 | 71.48 55.75 | 67.31 52.88
IndicBERT 76.48 62.11 | 7831 64.6 | 70.48 54.49 | 7822 6593 | 63.66 4896 | 72.11 57.02 | 65.75 49.42 | 66.68 52.9
IndicBERTV2 || 78.06 64.15 | 83.45 71.77 | 7474 59.69 | 77.51 64.74 | 66.38 51.73 | 79.05 6591 | 69.65 53.63 | 68.8 54.73

Table 2: Results of claim span identification on different experimented models for binary and B-I-O tagging scheme.

In Bengali, the MuRIL-large model achieved the
top individual F1-score of 75.64. When evaluating
CodeMix data, mDeBERTa was also the best indi-
vidual performer, with an F1-score of 79.64 and a
Jaccard score of 67.44.

Our proposed frameworks consistently outper-
formed the state-of-the-art benchmarks set by the
ICPR-CSI organizers for both English and Hindi.
The best individual model, mDeBERTa, exceeded
the English benchmark by 5.25%. IndicBERTv2
showed a 2.14% improvement over the Hindi
benchmark.

B-I-O Tagging: Under the B-I-O tagging
scheme, XLM-RoBERTa-large achieved the high-
est individual F1-score of 67.70 (Jaccard: 53.03)
for English. For Hindi, the top-performing model
was mDeBERTa, with an F1-score of 79.32 and a
Jaccard score of 66.20.

In Bengali, the best individual model was
MuRIL-large, which scored an F1 of 71.48 and
a Jaccard score of 55.75. For CodeMix data, In-
dicBERTV2 was the leading model, achieving an
F1-score of 68.70 and a Jaccard score of 54.73.

Observations: Upon experimenting with dif-
ferent pre-trained transformer models, a few key
observations have been drawn:

First, while the best individual performances var-
ied across languages and tagging schemes (e.g.,
mDeBERTa for English and CodeMix in Binary
tagging, IndicBERTV2 for Hindi in Binary tagging
and CodeMix in B-I-O tagging), overall model
strength can be seen in their average performance.
For the Binary tagging scheme, the mDeBERTa
model yielded the best average F1-score of 78.82
(Jaccard: 65.58), followed by IndicBERTV2 (F1:
78.44, Jaccard: 65.09) and XLM-RoBERTa (F1:
78.44, Jaccard: 65.07). For B-1-O tagging, XLM-
RoBERTa-large provided the best average perfor-
mance (F1: 71.30, Jaccard: 56.74), closely fol-

lowed by MuRIL-large (F1: 71.16, Jaccard: 56.65).
These models therefore represent optimal choices
for robust claim span identification across English,
Hindi, Bengali, and CodeMix texts.

Second, regarding the B-I-O tagging scheme,
larger variants of transformer models (XLM-
RoBERTa-large, MuRIL-large) generally outper-
formed their base counterparts. Conversely, in the
Binary tagging scheme, base variant transformer
models tended to show better performance than
their large variants.

6 Conclusion and Future Work

This paper presented a multilingual framework for
claim span identification across English, Hindi,
Bengali, and Code-Mixed texts, leveraging nine
transformer-based pre-trained models. We investi-
gated two tagging schemes: a binary scheme and a
more granular B-1-O scheme.

Experimental results demonstrated that the
mDeBERTa, IndicBERTV2, and XLM-RoBERTa
showed strong average performance for binary
tagging, while XLLM-RoBERTa-large and MuRIL-
large excelled under the B-1-O scheme. Notably,
our frameworks surpassed existing state-of-the-art
benchmarks for English and Hindi claim span iden-
tification.

For future work, we plan to expand our dataset
further to strengthen our findings and observations,
and incorporate additional low-resource languages
to enhance the robustness and broader applicability
of our claim span identification framework.
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