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Abstract. The proliferation of fake news is a global challenge to tackle in the digital era of information
availability. The resourceful languages are tackling this issue through enormous research works whereas
the low-resource languages are left behind to address the issue adequately. Bangla is one of the low-
resource languages in computation despite being in the top ten most spoken languages in the world. To
contribute in the field and address the issue of fake news, this research work focuses on the fake news
detection in Bangla language leveraging large recent advancement of language models using cross-
lingual prompting techniques for better response from the large language models. We leverage the open
source models for resource accessibility and utilize DeepSeek-R1, Llama 3.2 and Qwen 2.5 large
language models in our experiments and extensively analyze the fake news detection capacity of each
model in Bangla language. We find that Qwen 2.5 outperforms the other models in this specific task
achieving a maximum accuracy of 97.5 while it also reports no inconclusive response.
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Pe3tome. PacipoctpaHeHre (EHKOBBIX HOBOCTEH MpencTaBiseT coOoi TinodanbHy0 mpolieMy B
IUQPOBYIO 30Xy AOCTYMHOCTH MH(pOpMauuu. S3bIKM ¢ OOTaTBIMH pecypcaMy akKTHBHO PEIIaloT 3Ty
npobieMy Oyarojapsi 3HAYUTENLHBIM — HCCIIEJOBATEIbCKHUM  yCHIIMSAM, TOT/Ia Kak SI3bIKH  C
OTPaHWYEHHBIMH PECypCcaMH OCTAalOTCSI HEJOCTAaTOYHO OXBadeHHBIMH B 3TOM HAlpaBJICHHU.
benranbckuil SI3bIK  ABISIETCS. ONHUM M3 TAaKHX SI3BIKOB C OTPAaHUYCHHBIMH BBIYHCIHTEIBHBIMU
pecypcaMu HECMOTpPSI Ha TO, 9TO OH BXOJUT B JECATKY CaMBIX PacCIpOCTPaHEHHBIX S3BIKOB mupa. C
[ENbI0 BHECEHUS BKJIJa B JaHHYIO 00NacTh M PelIeHUs] mpoOiieMbl (EeHKOBBIX HOBOCTEH, JaHHOE
UCCIIEIOBAHUE COCPEIOTOUYEHO Ha HMX OOHapy)KeHHH B OCHIalIbCKOM S3bIKE C HCIIOJIB30BAHUEM
COBPEMEHHBIX JIOCTH)KEHMH B OOJIACTM  SI3BIKOBBIX ~ MOJENEH, BKIIOYash METOAbI Kpocc-
JMHIBUCTUYECKOTO MPOMTHHTA JJIsl TIOBBIIICHUSI KAYeCTBA OTBETOB OOJBINUX SI3BIKOBBIX Mojenei. B
paboTe HCHONB3YIOTCS MOIEIU C OTKPBITHIM HCXOOHBIM KOAOM JAJsl OOECIedYeHUs JOCTYIMHOCTH
pecypcoB, a uMeHHO Ooubmine s3bikoBble Monenn DeepSeek-R1, Llama 3.2 u Qwen 2.5. [IpoBoautcs
1o JpoOHBIN aHATTU3 CITOCOOHOCTH KaXI0H MOJIeNTd 00HAPYKUBATh (eHKOBbIE HOBOCTH Ha OCHTaIbCKOM
sI3BIKE. Pe3yIbTaThl MOKA3BIBAIOT, UTO MOIEIE Qwen 2.5 MpeBOCXOIUT APYTHE MOJICITH B JaHHOM 3a7a4e,
JOCTHUrasi MaKCUMaJIbHOM TouyHOCTH 97,5 %, pu 3TOM HE AEMOHCTPUPYS HEONPEAeIEHHBIX OTBETOB.

Knrouesvle cnoea: derikoBble HOBOCTH, OCHTalbCKUM S3BIK, OOJBINNE S3BIKOBBIC MOJIENH, S3BIKH C
OTPaHUYEHHBIMH PECYPCAMU, KPOCC-A3bIKOBOM IIPOMTHHT .
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Introduction

In an era of massive information availability, information flows faster across
geographical and linguistic boundaries [1]. News is generally produced by newspapers, social
media users, independent journalists, online newspapers, media outlets and other authorized
sources. Considering the massive content production, fake news is an alarming global concern
because the rapid spread of misinformation through fake news causes damage to the flow of
healthy information. Fake news can change public opinion, damage financially, create chaos in
politics, foster communal violence and so on. Recent developments in the domain of fake news
detection in both traditional natural language processing and large language models for fact
checking [2] and claim verification [3] are showing promising ways to mitigate this issue.
However these research works are mostly focused on English or Chinese language not
considering other non-English and non-Chinese languages spoken by billions of people. In a
view to address the gap in resources and mitigate the damages caused by fake news, this work
focuses on leveraging large language models (LLMs) to detect fake news and serve them as
detection tools. Most of the large language models perform well in English or Chinese
considering recent developments in OpenAl', DeepSeek-Al [4] and multi-lingual support has
been provided in Llama 3.2 [5] family models and Qwen 2.5 for a few languages. Among these
models OpenAl' provides proprietary models and DeepSeek-R1 [4], Llama 3.2 [5] and
Qwen 2.5% are open-source for developers and researchers. Researchers in [6] worked towards
a fake news dataset and [7] worked with transformer-based models to tackle the issue of fake
news detection in Bangla and have a promising result with BERT based multilingual models.
In this work, rather than traditional machine learning or deep learning models we work to
leverage large language models for fake news detection. In order to achieve our goal, we use
publicly available datasets [6] and extended datasets [8] and preprocess the datasets that are
suitable for DeepSeek-R1 [4], Llama 3.2 [5] and Qwen 2.5? large language models in fine-
tuning and prompting to get expected responses.

Over the years, researchers worked on the issue to mitigate the fabrication and spread
of fake news which negatively impacts society and societal narrations. Before the recent
advancement of large language models, machine learning and deep learning models were built
to identify fake news and filter them out in authentic news. Researchers approached Support
Vector Machine (SVM) [9] to identify fake and satirical news, the authors have shown a
promising development with considerable accuracy with their curated sample size. Earlier in
work [10] authors came up with Convolutional Neural Network (CNN) and BiLSTM to address
the issue. In [11] researchers presented a comprehensive review of classification of fake news
data collected from social media, newspapers and considered social theories, algorithms aligned
with data mining, evaluation metrics and dataset representation. While most works focus on
English language and work towards them a very few works have been focused in Bangla
language. A scarcity of datasets hinders work on fake news detection in Bangla. Addressing the
resource constraint researchers published a highly curated dataset [6] containing around 50000
of unprocessed Bangla newspaper data of authentic and fake news, they have also provided a

1 OpenAl, Achiam J., Adler S., et al. GPT-4 Technical Report. arXiv. URL: https://arxiv.org/abs/2303.08774 (nata
obpamenus: 19.04.2026).

2Yang A., Yang B., Zhang B., et al. Qwen2.5 Technical Report. arXiv. URL: https:/arxiv.org/abs/2412.15115 (nara
oOpamenust: 19.04.2026).
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portion of labeled dataset annotated by human verifiers. In addition to [6] researchers leveraged
LLMs to enrich the dataset and provide a newer version released in [8], this dataset has an
independently curated test set of data from credible sources for rigorous evaluation. After the
groundbreaking work presented as Transformer [12] the researchers introduced a new simple
network architecture based solely on attention mechanisms, dispensing with recurrence and
convolutions entirely. Later on a bunch of researchers at Google introduced BERT [13] which
stands for Bidirectional Encoder Representations from Transformers, BERT model can be
finetuned with just one additional output layer to create state-of-the-art models for a wide range
of tasks and provides multilingual support for 104 languages. Researchers [6] and [7] have
advanced and shown promising results for fake news detection in Bangla using transformer
based BERT [13] models. Studying the prominent advancement in natural language processing
and leveraging LLMs we work to address the gap for fake news detection in Bangla utilizing
the large language models DeepSeek-R1 [4], Llama 3.2 [5] and Qwen 2.52.

Materials and methods

In this work to perform our expected experiments we process the datasets [6, 8], we
utilize the LLMs DeepSeek-R1 [4], Llama 3.2 [5] and Qwen 2.5%, we conduct the experiments
through a high-level application programming interface’ that is compatible with most of the
LLMs. We employ Cross-Lingual Prompting (CLP) [14] techniques to ensure better
understanding and response against the given fake news in Bangla. In Figure 1 we can see an
overview of the procedure of our experiment.

[ Qwen 2.5, Llama 3.2 and DeepSeek-R1-Distill-Llama ]

Transformers il
| Pretrained
llama.cpp l LLMs GGUF

[ Inference Support [ LLM Sources
-

Response
Inference

[ Cross-Lingual Frompting |
\ (CLP) )

| Preprocessing ]

L Fake News Dataset |

Figure 1 — Detection of fake news in Bangla with LLMs following CLP technique
Pucynok 1 — BeisBiienue pelKoBbIX HOBOCTEH Ha OCHraJIbCKOM SI3bIKE ¢ moMoInbio LLM
¢ ucrnonb3oBanuem meroguku CLP

Cross-Lingual Prompting (CLP). Cross-Lingual Prompting (CLP) [14] is introduced to
improve zero-shot chain-of-thought reasoning across languages and significantly increase the
efficiency of multilingual tasks for large language models. CLP consists of two parts: (1) cross-
lingual alignment prompting and (2) task specific solver prompting. The first part is responsible

3 abetlen. llama-cpp-python. GitHub. URL: https:/github.com/abetlen/llama-cpp-python (mata oGpaieHus:
19.04.2026).
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for alignment of representations for different languages and later on is used to generate the final
chain-of-thoughts and give response for the specific task. In our work, we utilize this technique
to make the LLM understand the Bangla news piece and respond with task specific solvers to
know whether the news is fake or real.

Datasets. In our task, we source 1000 fake news covering various topics in Bangla from
publicly available dataset [6] and extended dataset [8]. The news are of diverse categories.
Further we clean and preprocess the dataset to use in LLMs for better responses. We cross-
check the label and content of the news. The datasets are from credible sources and independent
fact-checkers as mentioned in dataset [6] and extended dataset [8] ranked by authenticity of the
sources. During preprocessing we have eliminated the unused column and mostly used the
"content" and "label" column, where "content" is the news described in Bangla and "label" is
either 0 or 1. 0 denotes the fake news and 1 denotes the real news. We feed the content as {news}
in our prompt to the large language models and tell it to respond with either O or 1. The dataset
contains columns "articleID" refers to the article ID, "domain" refers to where it was published
electronically, "date" refers to the date of publication, "category" refers to the category of news,
"source" refers to the source of news, "relation" refers to the relation of content and headline,
"headline" refers to the news headline, "content" refers to the whole content of the news, "label"
refers the label of the news as fake or authentic, "F-type" refers to the type of fake news. We
extensively worked with the "content" and "label" column in our work with LLMs. A news
sample with important metadata with a translation where needed for better understanding is
shown in Table 1.

Table 1 — News sample in Bangla with important metadata and translated into English where
necessary

Tabnuua 1 — [TonOopka HOBoCTEl Ha OCHIaIbCKOM S3bIKE C BaKHBIMU METaJaHHBIMH M [IEPEBOIOM Ha
AHTIUHACKHUH, TIe 5TO HEOOXO0JUMO

Column In Bangla In English
Category — National
Headline FI‘;‘&’]‘[W O (N Gl Mobile court sentences two for killing
e ﬁ-@- e W python and trying to sell meat in a hotel in
ST ST TS TG Chittagong.
Content GG H@m NG GG fNGrT (tg | This time, a criminal gang in Chittagong
BIoI gﬁgm N AeEEd (G has tried to smuggle pythons by beating
G G0 WA 5 F | O d theam ﬁnd Zl%nning therg. lev;ever, lin iche
sm end, they did not get a break from the law.
T 2O (P (TR Two members of the gang were caught
RICIRACIIACI SR E R BB red-handed in an immediate mobile court
MO WGIATN TONTS KT operation. Later, the mobile court of the
AOY @ Blerd @ AT AT district administration arrested the two
HAGN(P WGP B IVATN WR(N | and sentenced them to six months in
A FRAMS Gl prison under the Wildlife Act. On
?ﬁf‘ﬂm m‘T %@I Thursday, the dead snake along with its
. 65 skin was recovered from the Nupur
IO ST RREE et Market area of Sanbyay Nagari. The
:Q‘W (AP Wm Jo TG convicts are Rajib and Rahmatullah,
O] PRI | NIGOLT RNEAN employees of a shop named 'Bandar Bitan'

@W ISNEE YAS M (GIACE] in Nupur Market in Reazuddin Bazar. .
I |<\9IN ~NITNS ‘ﬂai% (MIR_ICNS Executive Magistrate Forkan Elahi

o QT@? FETUCICIEIES Anupam of the Chittagong District

q 3 WW% Administration, who is running the

ARG ™MIeTO mobile court, said, "They beat up a
HEATY (Gl 2SN BRIE] medium-sized python in the Chittagong
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Table 1 (continued)
Tabnuua 1 (mponomkeHue)

ﬂill@t 5,(3 O (PIEIN .EJFIT-% YA Railway Station area in the afternoon.
I, "B GEATY (Fe1 CO¥ Later, the snake was being skinned behind
ﬂﬂﬁéﬂ TR ST 90 their shop. After receiving information

WG O G0 W |
SIHE MTGTia (TRINE e
T BTNGT Qo 268 | FINNid
IR (ATF I (AT AT AHTS

CTAIT MG =T RGP 2ATONTO
6% | AR WMGTE6
(I JCeA, "I ICACR, 82
ST BINGT ST AT BTNOT 33
FOUNG AT OISy 8 84 (Of FI
I JH6 R [ Fare
CETIRE |7 & ST AT INT A1
ST WI2N-2008 JT ¢ 8 55 4=
TP (NS FROUAS ATOIH
RN P PIMOOT ATTA* (T
2| 5BATN FHIOTAF SRS
(GG FOEE =TS (TN 8o
S, T A6 oG
AT ICACF | (A6 CPNTE HT=heY
| O AT BT Y [
TN RfE 2T 1| e (ATH2 ST
CCA BTNGT Qe (VST (5T FAMRA
O Beif® I (TN & (A2

from locals, the mobile court arrived there
and arrested the two red-handed.
Executive Magistrate Forkan said, "The
arrestees said that they wanted to sell the
snake's skin to a shop that makes amulets
and medicines from animal skins and
bones". The two arrested were later
sentenced to six months in prison each
under Sections 5 and 11 of the Wildlife
Conservation Act-2004. Acting Deputy
Curator of the Chittagong Zoo, Shahadat
Hossain Shuvo, said that the dead snake
will be sent to the zoo if it is found. "We
will preserve it. Python skins do not sell
for very high prices. Out of ignorance,
they tried to kill the snake and skin it".
Since the beginning of the current
monsoon season, several large and
medium-sized pythons have been caught
in various places in the city and Mirsarai
upazila. Forest department officials said
that due to hill slopes and heavy rainfall
during the monsoon, pythons come down
to the locality in search of food. With the
help of the local forest department, the
locals took the initiative to release almost

F91 8 12 NG f[ifos all the rescued pythons in the adjacent
BN (TR (¥ FIH0 IT 8 forest and take them to the Chittagong
R QABCIT SG ST G- Z0o.
ATGLR | I RO FHFSET G,
TN =G B 8 ©If IR FIRCY
(NON ST | BTd RS AT STIQ T
WGH5IE2 BT I [OoR STRITer
SN I (RUG (NS ] 5T
RO (AR (TR Srassy
SRR
Relation — Unrelated
Label — 0
F-type — Clickbaits

Models. We conduct our experiments with instruction-tuned large language models
DeepSeek-R1 [4] which is DeepSeek-R1-Distill-Llama-8B (8 billion parameters), Llama 3.2
[5] which is Llama 3.2-3B (3 billion parameters) and Qwen 2.5? which is Qwen 2.5-3B
(3 billion parameters). We conduct the experiments through a high-level application
programming interface’ that is compatible with most of the LLMs. We have used the quantized
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version of their models in GGUF* format for efficient inference. In case of multilinguality,
DeepSeek-R1 supports 2 languages, Llama 3.2 supports 8 languages and Qwen 2.5 supports 29
languages across the globe. In a single prompt we use the context window size of 8192 tokens.
We provide the following system prompt for each LLM: "You are an intelligent assistant who
can understand Bangla and detect fake news or real news". And we provide the LLM a prompt
following CLP technique: "Please read this news inside the parentheses which is written in
Bangla language, this is the news (" + news + "). Now observe the news carefully, understand
the meaning, think logically, cross verify information, check the writing style and respond with
0 if you think that the news is fake and respond with 1 if you think that the news is real. In the
output please avoid any tokens and return only one digit 1 or 0". Where ("+ news +") is the
news content and label will be generated as a response from the LLM.

Evaluation. We evaluate the response from LLMs according to correct response,
incorrect response and inconclusive response. Correct response denotes that the LLM flagged
the fake news correctly, incorrect response denotes that the LLM returns a wrong assumption
and inconclusive response returns neither correct nor incorrect rather it returns random tokens.

100xNumber of Correct Responses

Correct(%) =
( A)) Total Prompts ’
100XNumber of Incorrect Responses
Incorrect(%) = ! P ,
Total Prompts
. 100xNumber of Inclusive Responses
Inclusive(%) = ! P .

Total Prompts

Results and discussion

After finishing our experiments, we evaluate the results following the evaluation process
and present the achieved results for each large language model in Table 2. We focus on accuracy
achieved by the models and consider the inconclusiveness while they generate responses
against each prompt.

Table 2 — Result of different large language models
Tabmmma 2 — Pe3yapTaThl pa3IudHBIX OOJIBIINX S3BIKOBBIX MOJIEIIEH

Large Language Model Correct (%) Incorrect (%) Inconclusive (%)
Qwen 2.5-3B 97.5 2.5 0
Llama 3.2-3B 93 0 7
DeepSeek-R1-Distill-Llama-8B 62 28 10

Table 2 broadly represents the results of different large language models. We find that
Qwen 2.5 has outperformed Llama 3.2 and DeepSeekR 1. Considering the incorrect response
Llama 3.2 reports none while Qwen 2.5 and DeepSeek-R1 reports a few.

Evaluation. We show that in our experiments of fake news detection in Bangla language
Qwen 2.5-3B (3 billion parameters) has an accuracy of 97.5 %, Llama 3.2-3B (3 billion
parameters) has an accuracy of 93 % and DeepSeek-R 1-Distill-Llama-8B (8 billion parameters)
has an accuracy of 62 %. After observing the results, Qwen 2.5 outperforms other models in
accuracy. In addition, Qwen 2.5 has a higher multilingual support than the other models.

Inconclusive Response. When we observe the inconclusive responses given by the large
language models, we see that DeepSeek-R1-Distill-Llama reports a higher number with 10 %
response. As of the official information, DeepSeek-R1 primarily targets English and Chinese

4 geml. GGUF (GPT-Generated Unified Format). GitHub. URL: https:/github.com/ggml-org/ggml/blob/master/
docs/gguf.md (nata obpamenus: 19.04.2026).
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language. On the other hand, Llama 3.2 reports with 7 % inconclusive responses, Llama 3.2
also lacks multilinguality supporting a lower number. Qwen 2.5 handles inconclusive responses
better with 0 % response and that makes it highly qualitative than the other two models. It is to
note that Qwen 2.5 has the highest multilingual support among the models used in our
experiments.

Comparison with Classification Models. In our research work [7], we explored machine
learning, deep learning and neural network based fake news classification models. In this work
the overall classification of news articles shows promising results, but the fake news
classification as fake minor class achieves lower results. The fake news classification based on
Bidirectional Encoder Representations from Transformers (BERT) achieves a maximum
of 81 % accuracy, Long short-term memory (LSTM) achieves 65 %, Random Forest (RF) and
Support Vector Machine (SVM) achieves 54 %. If we consider these classifiers with our
achieved results of LLMs for fake minor class classification with a higher accuracy of
maximum 97.5 %, LLMs outperforms classifying fake news in Bangla.

KDE Plot for Model Accuracy

[ Qwen 2.5
[ Llama 3.2
1 DeepSeek-R1

Density

0.2 0.4 0.6 0.8 1.0 1.2
Accuracy

Pucynok 2 — KDE-rpagux Tounoctu moaeneit
Figure 2 — KDE plot for model accuracy

Visualization and Distribution Analysis. We utilize Kernel Density Estimation (KDE)
plot to visualize and analyze the model accuracies across various factors. KDE produces the
continuous estimation of the probability density function for a given variable. A higher value
on the density curve implies a higher probability of achieving that accuracy. And a lower value
on the density curve indicates a lower probability of achieving that accuracy. In Figure 2 we
observe that the peak of Qwen 2.5 is centered around 0.97 and Llama 3.2 is nearly 0.93 but
slightly broader, while the DeepSeek-R1 peaks around 0.65 And we can see that Qwen 2.5 is
more consistent in terms of accuracy while DeepSeek-R1 is worse. The overlap between
Llama 3.2 and Qwen 2.5 suggests that both models can perform nearly the same.

Conclusion

In this era of rapid production of news and faster proliferation of news, fake news
hinders the information among mass people. Fake news is alarming in the digital space and
researchers have been working relentlessly to address the issue. Though most of the work to
tackle fake news is happening in major languages especially in English, non-English languages
lag behind to tackle this issue because of low resources. This work aims to contribute to the low
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resource language Bangla and detect fake news in Bangla to mitigate the impact of fake news.
We leverage large language models following the cross-lingual prompting technique to detect
fake news in Bangla. We experimented with the open-source large language model Qwen 2.5,
Llama 3.2 and DeepSeek-R1 which are considered as the latest advancements in large language
models. We source publicly available data to utilize in our work and process them to make them
suitable for large language models. We consider the multilinguality of the models and observe
responses against the fake news from each of the large language models and report the results.
After visualizing and analyzing the results we find that Qwen 2.5 outperforms DeepSeek-R1
and Llama 3.2 in this specific task to detect fake news in Bangla. Although our work has a good
outcome, it is possible that there is a limitation due to the availability of data in the internet and
possibly the large language models are also trained on them as the large language models are
very recent advancements. Our work contributes to the domain of natural language processing
for social good and advocates for ongoing research on large language models for fake news
detection.
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