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Abstract

This paper presents CheckSent-BN (Claim
Checkworthiness and Sentiment Classification
in Bengali News Headline), a novel multi-
task dataset in Bengali comprising approxi-
mately 11.5K news headlines annotated for
two critical natural language processing (NLP)
tasks: claim checkworthiness detection and
sentiment classification. To address the lack
of high-quality annotated resources in Ben-
gali, we employ a cost-effective annotation
strategy that utilizes three large language mod-
els (GPT-40-mini, GPT-4.1-mini, and Llama-
4), followed by majority voting and manual
verification to ensure label consistency. We
provide benchmark results using multilingual
and Bengali-focused transformer models un-
der both single-task and multi-task learning
(MTL) frameworks. Experimental results show
that IndicBERTv2, BanglaBERT, and mDe-
BERTa model-based frameworks outperform
other multilingual models, with IndicBERTv2
achieving the best overall performance in the
MTL setting. CheckSent-BN establishes the
first comprehensive benchmark for joint claim
checkworthiness and sentiment classification in
Bengali news headlines, offering a valuable re-
source for advancing misinformation detection
and sentiment-aware analysis in low-resource
languages. The CheckSent-BN dataset is avail-
able at: https://github.com/pritampal98/check-
sent-bn

1 Introduction

In the contemporary digital landscape, news con-
sumption patterns have undergone a significant
transformation, with consumers increasingly ac-
cessing information from diverse sources through
mobile and online platforms, instantly. (Samuels
and Mcgonical, 2020). As per a report by Reuters,
the shift towards digital news consumption has
been particularly pronounced in India, where 71%
of users prefer digital news over traditional media

' REIRIE AT IO VTGS, BT W GRS
Ex:1 | SfFUGH (eT (RN (Translation: Aghan Mahamedan
defeats Bengaluru, Mohun Bagan gets extra oxygen before the
derby)

Claim Label: Checkworthy
Sentiment Label: Positive

SRR TG (TGS, A EF NS HE FAEN

Ex: 2 HTRAIS SFTLNT? (Translation: This time, Lakshmi Puja is in
full swing. When will you worship Goddess of Wealth according to
the calendar?)

Claim Label: Not-Checkworthy
Sentiment Label: Neutral

Ex:3 | TR TEICGE ST IT0FE GIPT, (QIGT 26T PIACH 0T 8
STSG (NG (Translation: The battlefield was covered in a clash
between two colleges, tear gas and sound grenades were fired)

Claim Label: Checkworthy
Sentiment Label: Negative

Figure 1: Example Bengali news headlines from the
CheckSent-BN dataset with corresponding claim check-
worthiness and sentiment labels (English translations
provided)

in 2024'; this number increased to 76% in 2025,
Digital news organizations, on the other hand,
frequently produce catchy and attention-grabbing
headlines designed to maximize user engagement
and encourage readers to click on their articles.
These compelling headlines help boost user en-
gagement rates and, consequently, revenue for the
news organizations. However, this resulting infor-
mation ecosystem, where revenue is the top-most
priority, presents a significant challenge regarding
the reliability and factual accuracy of news content.
Claim checkworthiness detection, the stepping
stone towards fact-checking a given claim, gained
significant progress in resource-rich languages
such as English (Gencheva et al., 2017; Arslan
et al., 2020; Nakov et al., 2018; Abumansour
and Zubiaga, 2022; Majer and Snajder, 2024)
and Arabic (Jaradat et al., 2018; Abumansour

"https://bit.ly/reuters-digital-news-report-2024
*https://bit.ly/reuters-digital-news-report-2025
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and Zubiaga, 2022). However, the detection of
claim-checkworthiness in resource-constrained lan-
guages, such as Bengali, remains largely unex-
plored, particularly in the context of Bengali news
headlines.

Bengali, with over 230 million native speakers
globally, holds the distinction of being the sixth
most spoken language worldwide (Alam et al.,
2021). As the second most widely spoken language
in India and the national language in Bangladesh,
it confronts significant challenges in natural lan-
guage processing (NLP) research due to its com-
plex morphological structures, extensive use of
compound words, and scarcity of high-quality an-
notated datasets, which have hindered the develop-
ment of robust NLP systems. Despite some recent
efforts in Bengali NLP, a critical gap remains in
comprehensive datasets that address multiple clas-
sification tasks simultaneously.

The present article focuses on developing a
multi-task Bengali news headline dataset with a pri-
mary focus on claim checkworthy detection, along
with an additional task of sentiment classification.
The key contributions in this paper can be summa-
rized as follows:

* We present CheckSent-BN, the first comprehen-
sive multi-task Bengali news headline dataset,
comprising approximately 11.5K samples that fo-
cus on claim-checkworthiness identification and
sentiment classification. An example from the
dataset is shown in Figure 1.

* We proposed a cost-effective and faster way of
data annotation in the resource-constrained Ben-
gali language, utilizing three distinct large lan-
guage models (LLMs): GPT-40-mini (OpenAl
et al., 2024), GPT-4.1-mini, and Llama-4 (Tou-
vron et al., 2023). Further, we applied a majority
voting scheme and manual revision to ensure an-
notation quality and consistency.

* We established baseline performance by devel-
oping multi-task learning (MTL) and single-
task learning (STL) frameworks utilizing pre-
trained multilingual transformer models, provid-
ing benchmarks for future research and explo-
ration.

2 Related Work

This section provides an overview of recent re-
search on claim checkworthiness detection and

sentiment classification, with a specific focus on
Bengali and low-resource languages.

2.1 Claim Detection

Recent advancements in artificial intelligence and
NLP have enabled researchers to move from basic
claim detection methods (Rosenthal and McKeown,
2012; Chakrabarty et al., 2019; Pathak et al., 2020;
Gupta et al., 2021; Wiihrl and Klinger, 2021; Sun-
driyal et al., 2021; Gangi Reddy et al., 2022) to
identifying the check-worthiness of claims (Jaradat
et al., 2018; Wright and Augenstein, 2020). This
progression has led to more advanced techniques,
such as claim span identification (Sundriyal et al.,
2022; Mittal et al., 2023), where specific phrases
in a text that constitute a claim are pinpointed.

While significant strides have been made in high-
resource languages like English, research on claim
detection and claim check-worthiness identification
is still limited in resource-constrained languages
like Bengali. Early efforts by Dhar and Das (2021)
introduced an expectation-maximization (EM) ap-
proach combined with principal component anal-
ysis (PCA) to identify claims in low-resource In-
dian languages, including Bengali. Their study
revealed that dimensionality reduction techniques
could improve classifier performance in resource-
constrained contexts. Additionally, Rahman et al.
(2025) created a claim detection dataset in Bengali,
comprising 5,000 samples. They evaluated this
dataset by incorporating traditional machine learn-
ing models with deep word embeddings, discover-
ing that ensemble methods outperformed individ-
ual models, especially when using domain-specific
Bangla embeddings.

On a broader scale, Dutta et al. (2023) released
a multilingual dataset that includes English, Hindi,
and Bengali, featuring factual claims extracted
from Indian Twitter. Supporting efforts, such as
those by Mittal et al. (2023), introduced multi-
lingual claim span datasets based on Bengali so-
cial media texts, emphasizing span-level rather
than sentence-level check-worthiness. Poddar et al.
(2024) organized a shared task at the ICPR-2024
conference on multilingual claim span identifica-
tion in Hindi and English tweets. Supporting this
effort, Roy et al. (2025) extended the ICPR-2024
shared task dataset with more Hindi, English, Ben-
gali, and CodeMix tweets annotated with claim
spans. Recently, the CLEF-2025 CheckThat! Lab
further integrated Bengali into global claim ver-
ification frameworks, which include subjectivity
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detection and claim normalization (Alam et al.,
2025).

2.2 Sentiment Classification

In recent years, researchers have focused on more
efficient transformer-based approaches. For exam-
ple, Islam et al. (2020) proposed a multilingual-
BERT-based sentiment classification method. The
authors combined multilingual BERT embeddings
with LSTM, GRU, and CNN networks, demonstrat-
ing improved performance compared to traditional
embeddings such as FastText and Word2Vec. Ad-
ditionally, Bhowmick and Jana (2021) developed
a transformer-based sentiment analysis technique
by fine-tuning two transformer models: BERT and
XLM-RoBERTa. A more recent study by Pal et al.
(2025) introduced a multi-task learning framework
for sentiment analysis and emotion recognition in
Bengali text, utilizing three transformer models:
mBERT, MuRIL, and IndicBERT.

Moreover, several resources for Bengali sen-
timent analysis have been developed by various
researchers. Islam et al. (2021) proposed ‘Sent-
NoB’, a comprehensive Bengali sentiment analysis
dataset consisting of approximately 15.7K noisy
Bengali texts, which were curated from prominent
Bangladeshi news article comments and YouTube
comments. Ahmed Masum et al. (2021) created
‘BAN-ABSA’, an aspect-based Bengali sentiment
analysis dataset with nearly 9,000 samples. In ad-
dition to dataset development, the authors estab-
lished baseline frameworks and evaluated them
on their dataset using Bi-LSTM and CNN tech-
niques. Islam and Alam (2024) developed a novel
dataset called ‘BanglaDSA’, which comprises ap-
proximately 200K Bengali comments. Along with
this dataset, the authors proposed a new approach
that combines Skipgram with Bangla-BERT, out-
performing all existing machine learning and deep
learning methods. Rashid et al. (2024) introduced
another Bengali sentiment analysis dataset with
a sample size of 78K by collecting reviews from
two popular e-commerce websites in Bangladesh.
Furthermore, Islam and Masudul Alam (2023) con-
ducted a study focused on Bengali reviews, de-
veloping a dataset of around 44K curated reviews
from restaurant Facebook pages and groups. Kabir
et al. (2023) created a Bengali book review dataset,
which includes approximately 158K entries.

Furthermore, Hasan et al. (2023) organized a
shared task on sentiment analysis in the Bengali lan-
guage at the BLP workshop, where over 25 partici-

pants submitted systems ranging from traditional
machine learning approaches to pretrained trans-
former models, as well as state-of-the-art LLM
methodologies.

Although significant progress has been made in
checkworthy claim detection and sentiment classifi-
cation tasks, there remains a notable research gap in
creating a multi-task Bengali dataset. Additionally,
the use of LLMs for data annotation in resource-
constrained languages, such as Bengali, has not
been extensively explored. This research aims to
address this gap by developing a larger Bengali
claim check-worthy dataset containing /11,500
samples, along with sentiment labels. This new
dataset surpasses the previously established Ben-
gali claim check-worthy dataset by Rahman et al.
(2025), which included only 5,000 samples.

3 Dataset Development

The development of our dataset was conducted in
three distinct phases: (1) Data Collection, (2) Data
Annotation utilizing multiple LLMs, and (3) Final
Label Selection via Majority Voting.

3.1 Data Collection

Data were systematically collected from promi-
nent online Bengali news portals, specifically Barta-
man’, Sangbad Pratidin®, Ei SamayS, and News18
Bangla®. News headlines were extracted from the
main news page (home page) of each portal to en-
sure broad coverage across various domains and
topics. The Python BeautifulSoup web-scraping li-
brary was used to collect these headlines daily. The
data collection period lasted from August 10, 2024,
to January 12, 2025. However, data collection for
the Ei Samay news portal began later, on October
5, 2024. In contrast, the collection of news from
the News18 Bangla portal was discontinued after a
few days due to incomplete and low-quality head-
lines. All collected data were stored in an Excel
spreadsheet for subsequent analysis.

Following the completion of data collection, du-
plicate entries were removed. Subsequently, all
news headlines underwent a rigorous review by
three computer science interns to identify and cor-
rect any inconsistencies, such as HTML tags or
unrecognized characters. Finally, a total of 11,568

3https://bartamanpatrika.com/
*https://www.sangbadpratidin.in/
Shttps://eisamay.com/
®https://bengali.news18.com/
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unique headlines were collected from the afore-
mentioned news portals, including 4,610 headlines
from Bartaman, 5,715 from Sangbad Pratidin, 858
from Ei Samay, and 385 from News 18 Bangla.

3.2 Data Annotation

The data annotation process was carried out us-
ing three distinct LLMs. While manual annota-
tion is considered the gold standard for creating
high-quality datasets, it often encounters signif-
icant challenges, particularly in resource-limited
languages such as Bengali. These challenges in-
clude: (1) a scarcity of skilled annotators, (2) the
time-consuming nature of the process, and (3) the
prohibitively high overall cost.

To address these issues, we adopted a cost-
effective and efficient approach to data annotation
by leveraging LLMs. Given the state-of-the-art
performance of LLMs across various NLP tasks,
we utilized three specific models: GPT-40-mini,
Llama-4, and GPT-4.1-mini. Each model was pro-
vided with a concise prompt to annotate the claim
checkworthiness and sentiment labels. Each LLM
was accessed via its corresponding API, and the
following prompt was provided to each LLM:

You are an efficient language model that can do
many tasks. Now act as a professional Bengali data
annotator. You have provided a news headline in the
Bengali language. Your task is to:

1. Identify news headline claim is Checkworthy
or Not.

Checkworthy (Label = 1): Headlines that contain
factual claims needing verification

Not Checkworthy (Label = ©): Headlines that are
opinions, questions, satire, etc.

2. Identify sentiment in news headline as
‘POSITIVE’, ‘NEGATIVE’, or ‘NEUTRAL’
POSITIVE: Expresses an optimistic,
complimentary, or positive outlook.
NEGATIVE: Expresses loss, criticism, failure, or a
negative outlook.

NEUTRAL: Neutral or simply informational, no emotional
coloring.

successful,

Now annotate the above-mentioned annotations in
the following news headline.

NEWS HEADLINE: {txt}

Note that only provide the exact annotation
tags in list format (Eg, [Claim Checkworthy Label,
’Sentiment Label’]), no extra explanation is needed.
For clear understanding, I am providing you with some
examples.

ANNOTATION EXAMPLES:

*% 12 unique annotation examples were provided (See
Appendix A)*x

This approach ensured a scalable, efficient
method for annotating news headlines with claim
checkworthiness and sentiment labels, which were
subsequently aggregated via majority voting to se-

lect the final annotated label.

Although strict instructions were given to the
LLM:s to provide only claim and sentiment labels,
in some instances (approximately 150 headlines),
Llama-4 provided explanatory results alongside the
labels. These samples were manually identified and
formatted adequately by the authors.

3.3 Final Annotated Label Selection from
Three LLMs’ Annotated Labels

Following the annotation by three distinct LLMs,
the final label for each data point was determined
through majority voting. For both claim check-
worthiness and sentiment, the label with the most
frequent outcome was selected as the final label.

The inter-annotator agreement among the three
LLM annotators was evaluated using both Fleiss’
Kappa (Fleiss, 1971) and Gwet’s AC1 (Gwet, 2006)
metrics. For assessing the claim checkworthiness,
the Fleiss” Kappa score was 0.45, while Gwet’s
ACI score was 0.83. In terms of sentiment annota-
tion, the Fleiss’ Kappa score was 0.63, and Gwet’s
AC1 score was 0.67. These scores generally indi-
cate a good level of agreement among the different
LLM annotators.

Instances where no majority label was found
through automated voting were meticulously ana-
lyzed and annotated by the authors. Additionally,
all LLM-annotated data, following majority voting,
underwent a thorough review by three undergradu-
ate computer science interns. Headlines identified
by the interns as inconsistent were further reviewed
and resolved by the authors wherever applicable. A
flow diagram of the overall data annotation process
is provided in Figure 2. The distribution of claim
checkworthy and sentiment labels for training and
testing splits is provided in Table 1.

Label #Train  #Test
. Check-worthy 8143 2030
Claim
Not Check-worthy 1111 284
Negative 4573 1123
Sentiment  Neutral 3187 825
Positive 1494 366

Table 1: Distribution of claim checkworthiness and sen-
timent labels in train and test splits of CheckSent-BN.

4 Methodology

This section presents a comprehensive method-
ology for classifying claim-checkworthiness and
sentiment for the CheckSent-BN dataset. Given
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Figure 2: Overview of the annotation pipeline for CheckSent-BN, including data collection, annotation with three

LLMs, majority voting, and manual verification.

a news headline S, our main objective is to de-
velop an MTL framework that can classify claims
as checkworthy or not and identify the senti-
ment as positive, negative, or neutral in S us-
ing a single neural network. We experimented
with several transformer-based pre-trained models,
ranging from the lightweight multilingual Distil-
BERT (mDistilBERT) to Indian language (includ-
ing Bengali) focused models such as IndicBERT,
BanglaBERT, etc. The overall system framework
is demonstrated in Figure 3.

Input Sentence (S)

v

Tokenized Sequence and
Attention Mask

v

Transformer Encoder
(mDistilBERT/ mBERT,
XLM-R/ Muril/
IndicBERT, ...)

|

Dropout = 0.2

v

Dense Layer (Hidden Units =
128, Activation = ReLU)

Claim Sentiment

Figure 3: Flow diagram of the MTL framework. Pre-
trained multilingual and Bengali-focused transformers
are fine-tuned jointly for claim checkworthiness and
sentiment classification.

Tokenization: Before proceeding to framework
development and training, all the news headlines
were tokenized into a sequence of tokens. The
tokenization was performed using the correspond-
ing pre-trained model’s tokenizer, for example, for
mBERT, the BERT tokenizers were used, and so on.

The tokenizers were imported using the Hugging-
Face API. All the news headlines were tokenized
to a fixed sequence length of 50 tokens, and the
Input IDs (numeric representation of tokens) and
attention masks were stored for further processing.

Framework Description: A diverse range of
pre-trained multilingual transformer models was
chosen to train and fine-tune the MTL framework,
including lightweight mDistilBERT (Sanh et al.,
2019), powerful mBERT (Devlin et al., 2018),
XLM-RoBERTa (Conneau et al., 2019), mDe-
BERTa (He et al., 2021), and language-focused
models such as BanglaBERT (Bhattacharjee et al.,
2022) for Bengali, and MuRIL (Khanuja et al.,
2021), IndicBERT (Kakwani et al., 2020), and In-
dicBERTV2 (Doddapaneni et al., 2023) for Indian
languages. While mBERT and XLM-RoBERTa
are trained on more than 100 languages, including
Bengali, and excel in the majority of benchmark
datasets, MuRIL, IndicBERT, and IndicBERTVv2
are trained explicitly on Indian languages, includ-
ing Bengali, allowing them to understand indian
contexts accurately than other multilingual trans-
former models.

On the other hand, the BanglaBERT was explic-
itly trained on the Bengali language only, which
allows it to understand the Bengali language more
effectively than other models.

In the transformer models, the input IDs and
attention masks, which were obtained from the cor-
responding transformer model’s tokenizer function,
were provided as inputs to the models. The pooler
output from the transformer models, which is a
learned linear transformation followed by a tanh
activation function applied to the last hidden state
representation of the special starting token in the
transformer models, was further passed through a
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dropout layer with a dropout rate of 0.2.

Next, the output of the dropout layer was passed
through a dense layer of 128 hidden units with the
ReLU activation function.

Zdense - ReLU(Zdropout)

Here, Zgropout represents the output of the
dropout layer, and Zgense represents the output
of the dense layer.

Classification: For multi-task classification,
the output of the dense layer (Zgense) Was passed
through two task-specific output layers as depicted
in Figure 3. The first layer was used for claim
classification, employing two hidden units, and
the second layer was for sentiment classification,
which used three hidden units. Both the output
layers used softmax as their activation function.

P, = softmar(Zgense)

)}* = argmax(P;)
J

Here, P. denotes the probability value for each
class in a classification task, , indicates the pre-
dicted class value, and j represents the number of
classes involved in the classification task.

Training: To train the framework, the train-
ing data was first divided into a 9:1 ratio, where
90% of the data was used for training and the re-
maining 10% was used as a validation set. The
SparseCategoricalCrossEntropy loss function
was used during training, and the loss was moni-
tored for the validation set.

£total = £claim + Esentiment

Here, L1qim and Lsentiment represent the loss for
claim checkworthiness and sentiment classification
tasks, and Loq 1S the overall loss function. The
primary objective during training was to minimize
the total loss (L;tq;) for the validation data.

The AdamW optimizer (Loshchilov and Hutter,
2019) was selected for optimization, utilizing a
weight decay of 0.01 and an epsilon value of 1e-8.
The learning rate was set to 2e-5, and the frame-
works were trained for a maximum of ten epochs
with a batch size of 16.

5 Experiment and Result

This section provides a brief overview of the exper-
imental setup and the outcomes obtained from the
experiments.

5.1 Experimental Setup

All experiments were conducted using TensorFlow
and Keras, and the models were trained on an
NVIDIA RTX 5000 GPU. The experiments were
employed in two setups: an MTL configuration,
where the tasks of claim checkworthiness identifi-
cation and sentiment classification shared the same
neural network with two classification heads, and
a single-task learning (STL) configuration, where
separate neural networks were developed for each
task, with each network featuring a single classifi-
cation head. A diagrammatic representation of the
STL framework is provided in Appendix C.

To ensure a fair comparison, all MTL and STL
frameworks were trained with the same hyperpa-
rameters as mentioned in Section 4. For evaluation,
the precision, recall, and macro F1-score were cal-
culated on the test dataset.

5.2 Result

Claim Checkworthiness Identification: The
results of the claim checkworthiness identifica-
tion are summarized in Table 2. It is observed
from this table that the IndicBERTv2 model ex-
cels all other models in both the STL and MTL
frameworks, achieving F1-scores of 82.91 and
83.86, respectively. Additionally, the majority
of transformer models (mDistilBERT, mBERT,
mDeBERTa, BanglaBERT, IndicBERT, and In-
dicBERTV2) demonstrate improved claim identifi-
cation results with the MTL framework compared
to their STL counterparts.

Notably, the IndicBERTv2 model exhibits a
performance enhancement of 1.13% in the MTL
framework compared to its STL framework. The
other transformer model-based multi-task learn-
ing frameworks, including mDistilBERT, mBERT,
mDeBERTa, BanglaBERT, and IndicBERT, show
performance improvements of 2.07%, 5.15%,
1.05%, 2.48%, and 0.09%, respectively, compared
to their corresponding single-task learning frame-
works. However, a slight decline in performance is
observed for the XLM-RoBERTa and MuRIL mod-
els in the MTL framework, with F1-score drops of
1.69% and 2.65%, respectively.

Sentiment Classification: The results for senti-
ment classification are presented in Table 3. Sim-
ilarly, for claim checkworthiness identification
in the context of sentiment classification, the In-
dicBERTV2 model outperforms other transformer
models. Moreover, the IndicBERTv2-based MTL
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STL MTL
Prec. Rec. F1. Prec. Rec. F1.
mDistilBERT 78.64 69.37 7273 73.69 7490 74.27
mBERT 77.61 68.12 7145 77.30 73.74 75.33
XLM-R 7942 77.61 78.47 8297 73.52 77.14
mDeBERTa 84.80 78.37 81.13 83.72 80.49 81.99
BanglaBERT 8791 7577 80.27 86.21 79.40 82.31
MuRIL 83.57 76.07 79.15 8523 72.63 77.06
IndicBERT 79.55 6529 69.30 79.81 6531 69.36
InidcBERTv2 86.13 80.38 8291 8548 82.43 83.86

Table 2: Performance of transformer models on claim
checkworthiness detection under STL and multi-task
MTL frameworks. (Best Precision, Recall, and F1-score
are in bold font)

framework demonstrates an improvement of 1.26%
in terms of F1-score compared to the IndicBERTv2-
based STL framework.

Regarding other transformer models, XLM-
RoBERTa, mDeBERTa, BanglaBERT, MuRIL, and
IndicBERT yielded better results within the MTL
framework, with F1-score enhancements of 0.93%,
0.45%, 1.53%, 1.3%, and 0.47%, respectively, com-
pared to their corresponding STL counterparts. In
contrast, mDistilBERT and mBERT did not per-
form as effectively for sentiment classification in
the multi-task learning scenario, resulting in sim-
ilar or lower performance compared to the STL
frameworks, with performance drops of 0.87% and
0.38%, respectively.

STL MTL
Prec. Rec. F1. Prec. Rec. F1.
mDistilBERT 65.33 66.24 6546 64.75 6536 64.89
mBERT 7143 66.15 6737 69.42 66.07 67.11
XLM-R 74.07 7473 7435 74.84 75.30 75.05
mDeBERTa 72.02 78.37 78.64 7991 7827 79.00
BanglaBERT 82.63 77.62 7898 80.00 80.11 80.05
MuRIL 7573 7740 75779 76.23 77.51 76.79
IndicBERT 64.03 61.09 61.78 65.61 60.85 62.07
IndicBERTv2 80.39 81.09 80.82 83.70 80.02 81.52

Table 3: Performance of transformer models on senti-
ment classification under STL and MTL frameworks.
(Best Precision, Recall, and F1-score are in bold font)

5.3 Observations

Upon performing all the experiments and analysing
the results, a few observations are made:

First, it is observed that for both checkworthy
claim identification and sentiment classification,
the IndicBERTV2 demonstrates impressive results,
irrespective of the STL and MTL frameworks. Ad-
ditionally, the BanglaBERT and mDeBERTa mod-

els indicate a strong performance compared to other
transformer models. This improvement suggests
a better contextual understanding of the Bengali
language compared to other transformer models.

Second, the joint learning of claim-
checkworthiness detection and sentiment
classification leads to more effective identification
of claim-checkworthy sentences than using STL
classifiers in most cases. This observation shows
that the sentiment classification task effectively
assists in identifying claim checkworthiness within
an MTL environment.

Third, the performance of the IndicBERT model
across all tasks and frameworks is relatively low.
One possible reason for this is that IndicBERT was
trained on the ALBERT model using 12 Indian lan-
guages, resulting in a smaller and more lightweight
model compared to other transformer models, such
as mBERT, MuRIL, and XLM-RoBERTa. As a
result, it may struggle to identify nuanced contexts
in text, leading to lower performance compared to
other transformer-based frameworks.

6 Error Analysis

Due to a diverse range of experiments with different
transformer-based models in both MTL and STL
frameworks, the error analysis for each model is a
challenging task. Therefore, to simplify the error
analysis, we conducted the error analysis between
the best-performing models (i.e., IndicBERTv2) for
both MTL and STL frameworks. To conduct the
error analysis, we calculated the confusion matrices
for each task in each framework.

Claim Checkworthiness Detection: The con-
fusion matrices for claim checkworthiness de-
tection are provided in Figure 4. Although
the IndicBERTv2-based MTL framework demon-
strates strong overall performance, it slightly lacks
in identifying claim-checkworthy sentences. Out of
2030 claim checkworthy instances, the MTL frame-
work identifies 96.9% sentences as claim checkwor-
thy, whereas the STL identifies claim checkworthy
texts with 97.4% accuracy.

On the other hand, the STL framework correctly
identifies 63.4% of the 284 non-claim checkworthy
instances, while the MTL framework achieves 68%,
demonstrating better performance.

Sentiment Classification: The confusion ma-
trices for sentiment classification for IndicBERTv2-
based STL and MTL frameworks are provided in
Figure 5. The confusion matrices indicate that
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True Label Predicted STL Predicted MTL
ID News Headline
Claim [Sentiment | Claim |Sentiment| Claim |Sentiment
TR (0T RO ANy, fSTG 111 R (A0 AfGfeds, (MY 'R
S| |(Translation: End of year holiday atmosphere, crowded Digha to Darjeeling, see n-claim | neutral claim positive | n-claim | positive
photos)
NG IPOIR T, QUGN T RG Kar’, (Y NN GGG
S, [(Translation: 'Cinemapara has one voice, Justice for RG Kar', Tollywood takes to claim neutral [no-claim | positive claim neutral
the road)
SR AT ATHAG! SATNLETT b-4 %7 (T F© Ior R[S [y
S3 [STRYT? (Translation: The lotus petals are falling! How many MLAs did BJP have claim | negative claim neutral claim negative
after getting zero in 6 by-elections?)
R T (P GWWW!WH (N (FCY T8 5311
N G, WW?TW?F FAYI (Translation: Kumbh Economy of 2 . - . o . .
Sy . . . . . . . claim positive claim positive claim negative
lakh crore rupees! Keeping Hindutva in the forefront, business will pour into Yogi
Rajya, the Chamber of Commerce is full of hope)

Table 4: Example misclassifications from IndicBERTv2 models in STL and MTL settings. Each row displays the
news headline, gold labels (true labels), and predicted labels (with an English translation provided).

0.320

True
True

-0.4 ~0.4

0.031 0.969
o2 -02

No é\alm Claim
Predicted

No Claim Claim

Predicted

Figure 4: Confusion matrices for claim checkworthiness
detection using IndicBERTv2 in STL and MTL setups.
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Neutral Negative
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Figure 5: Confusion matrices for sentiment classifica-
tion using IndicBERTV2 in STL and MTL setups.

the IndicBERTv2-based STL framework achieves
94.1% and 72.8% accuracy in identifying negative
and neutral sentiments, respectively. In contrast,
the IndicBERTv2-based MTL framework achieves
accuracies of 94.7% and 77.8%, respectively, re-
sulting in a decrease in the number of misclassified
cases for these categories.

Conversely, the STL framework outperforms the
MTL framework in identifying positive sentiments,
achieving an accuracy of 76.8%, compared to the
MTL framework’s 67.5%. This suggests that STL
is more effective at recognizing positive sentiments,
although MTL exhibits better performance in the

negative and neutral classes.

Along with the confusion matrix, a few examples
of error cases are provided in Table 4. For instance,
in example .S7, whereas the original claim was non-
checkworthy, the IndicBERTv2-based STL frame-
work incorrectly classified it as claim-checkworthy.
Additionally, both STL and MTL frameworks mis-
takenly classify the sentiment as ‘positive’ where
the original sentiment was ‘neutral’. While the
news headline in S carries a slight positive emo-
tional tone, it primarily describes a factual situa-
tion: “year-end holiday atmosphere”. The phrase
“crowded Digha to Darjeeling” is a neutral descrip-
tion of a high-traffic situation, not necessarily neg-
ative or positive. Therefore, the ‘neutral’ sentiment
is justified for the headline. However, neither the
STL nor the MTL framework captures these contex-
tual nuances in the text and incorrectly categorizes
it as ‘positive’.

Considering another example, S5, the original
sentiment in the news headline is negative, indi-
cating a poor performance of the BJP (a political
party in India) in the bi-election results. In this
case, the STL framework incorrectly predicts the
text as “negative,” whereas the MTL framework
successfully identifies its sentiment label. This sug-
gests that the joint learning of claim, sentiment,
and news content enables the MTL framework to
determine the sentiment label accurately.

7 Conclusion

This paper proposes ‘CheckSent-BN’, a dataset
comprising 11,568 instances annotated with labels
for two distinct tasks: claim checkworthiness iden-
tification and sentiment classification. We devel-
oped two baseline frameworks: the STL frame-
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work, with one classification head for each task,
and the MTL framework, which has two classi-
fication heads. We experimented with eight dif-
ferent multilingual transformer models, and the
experimental results show that the IndicBERTV2,
BanglaBERT, and mDeBERTa model-based frame-
works demonstrate a strong performance over all
classification tasks. Notably, the IndicBERTv2-
based MTL framework achieved the best perfor-
mance across all classification tasks.

Future directions include expanding the dataset’s
sample size, comparing LLM annotations with hu-
man annotations, and adding labels such as ‘click-
bait’ or ‘sarcasm’ to enhance the dataset’s scope.

Limitations

Our proposed work has several potential limita-
tions. First, the annotation of claim checkworthy
and sentiment labels was conducted using three
LLMs. While we performed a superficial manual
verification with three computer science interns,
relying on LLMs for labeling may compromise the
overall quality of the dataset. In future work, we
aim to hire professional Bengali data annotators to
ensure more accurate verification of these labels.

Second, we utilized the mini variants of the GPT
models, specifically GPT-40-mini and GPT-4.1-
mini, for cost-effectiveness. Although these mod-
els can adequately annotate claim checkworthy and
sentiment labels, the “mini" variants do not fully
leverage the capabilities of the full GPT models.

Third, there is a significant imbalance in the
claim checkworthy labels: 9,254 are labeled
checkworthy, while only 2,314 are labeled non-
checkworthy. This imbalance can lead to bias in
our MTL and STL frameworks due to the predom-
inance of annotated data. We plan to address this
issue in future work by developing a more balanced
dataset.

Fourth, the news headlines used in our study
were curated from prominent news websites fo-
cused on the state of West Bengal, India. However,
there are other Bengali-speaking regions in India,
such as Tripura and parts of Assam, that have their
own regional newspapers in Bengali, which are not
included in our current work. Additionally, news
headlines from Bangladeshi news portals were also
excluded. In future work, we intend to incorpo-
rate Bengali news headlines from these other areas,
including Tripura and Bangladesh, to broaden the
dataset’s scope.
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A Examples Used During Data
Annotation by LLM

ANNOTATION EXAMPLES:

"2038-4 SHTOA GG 4.¢ *ToTe™T RMCH G I S
-49" -->[1, 'POSITIVE'];

AP WG (AT W7 Z(6Z NSHGF IR --> [1,
'NEUTRAL'];

= RETS OI 0T el % (" > [1, NEGATIVE';

"SI AFBI WITH (A2 *1ifi7 A Gifq > [1,
'POSITIVE'];

"G GG MO & IS > [0, NEGATIVE'];

"FAPTOIA GIEE AL W (GT AP [NA(Fo" --> [0,
'POSITIVE'];

"SIATSR TN [ TR ST AR --> [0, 'POSITIVE'];

SIS TN Vg (fFF6R T X0l MRS >
[, POSITIVE'];

TG SOTIET S q0 WIS 0, TIERA & WIAATTISN" >
[1,'NEGATIVE'];

"(GNIRC (G5, WS T ([ATGLR 80 O --> [1,
'NEGATIVE'];

"IN SBIRTE R Y (NGTGAT" > [0, 'POSITIVE';
"erCor SSTITCST e S CARF" > [1, 'NEGATIVE';

Figure A.1: Illustrative prompts used for claim check-
worthiness detection and sentiment annotation in Ben-
gali news headlines. The set comprises 12 examples
spanning diverse domains, including politics, sports,
entertainment, the economy, and social issues. These
examples were provided to LLMs during the annotation
phase to guide consistent labeling across both tasks.

B Statistical Distribution of Data

Label Max Min Mean Median Mode St. Dev.
Non-Checkworthy 37 6 10.192 10 10 2.802
Checkworthy 38 10.188 10 10 2.477
Negative 35 6 10.264 10 10 2.338
Neutral 37 6  10.032 10 10 2.558
Positive 38 6 10.298 10 10 2.921
Table B.1: Statistical distribution of the number of

words across claim checkworthiness detection (Non-
checkworthy, Checkworthy) and sentiment classifica-
tion (Negative, Neutral, Positive) labels.
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C STL Framework (Flow Diagram)

Input Sentence (S)

v

Tokenized Sequence and
Attention Mask

v

Transformer Encoder
(mDistiBERT/ mBERT,
XLM-R/ Muril/
IndicBERT, ...)

|

Dropout = 0.2

v

Dense Layer (Hidden Units =
128, Activation = ReLU)

v

Claim

Figure C.1: Diagrammatic representation of the STL
framework for identifying claim checkworthiness. The
framework is identical to the MTL framework. How-
ever, instead of using two classification heads in the
MTL framework, the STL framework employs a single
classification head for each task.
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