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Abstract

The rapid spread of fake news in low-resource Indic languages poses a significant
challenge to information integrity on social media platforms in India. This paper
presents a multilingual fake news detection system tailored for Indic languages, leverag-
ing the pre-trained MuRIL (Multilingual Representations for Indian Languages) trans-
former model. We fine-tune MuRIL on a large-scale dataset comprising 82,946 news
statements across multiple Indic scripts, including English, Hindi, Tamil, Gujarati,
Malayalam, Punjabi, Bengali, Telugu, Marathi, and others. Experimental results on
a stratified 80-20 train—test split demonstrate strong performance, achieving an ac-
curacy of 83.86%, precision of 85.36%, recall of 90.62%, and Fl-score of 87.91%. A
detailed language-wise analysis reveals robust performance on high-resource languages
like English while highlighting limitations in low-resource ones due to data imbalance.
The model is deployed as a real-time Gradio application on Hugging Face Spaces for
public use. Our contributions include a comprehensive multilingual dataset analysis,
fine-tuned MuRIL model, and in-depth language-specific error diagnosis.
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1 Introduction

In the digital age, the proliferation of fake news on social media platforms has emerged as
one of the most critical societal challenges, undermining democratic processes, public health
initiatives, and social harmony (Arora et al. 2024; E.Almandouh et al. 2024; Marchetti and
Mastrogiorgio 2025; Patel and Surati 2024). This issue is particularly acute in multilingual
nations like India, home to over 1.3 billion people and more than 22 official languages, where
misinformation spreads rapidly across diverse linguistic communities (Lin et al. 2025; Meng
et al. 2025; Singh et al. 2025; Sirra et al. 2024). For instance, during the COVID-19 pan-
demic, false information in Hindi and regional languages contributed to widespread panic
and non-compliance with health guidelines (Biradar et al. 2025; Zaheer and Bashir 2024).
Traditional approaches to fake news detection, primarily developed for high-resource lan-
guages like English, rely on linguistic features, sentiment analysis, and network propagation
models (Chakraborty et al. 2025). However, these methods falter in multilingual settings
due to code-mixing (e.g., Hinglish), script variations (Devanagari, Tamil, etc.), and limited
annotated data for Indic languages (Fan et al. 2025; Lin et al. 2025; Meng et al. 2025).
To address this, multilingual pre-trained models have gained traction, with MuRIL standing
out as a BERT-variant specifically optimized for 17 Indian languages and their translitera-
tions (Khanuja et al. 2021). Despite advancements, existing systems often overlook practical
deployment challenges, such as model overconfidence in ambiguous cases. Moreover, data
scarcity exacerbates performance disparities between high-resource and low-resource lan-
guages, as noted in recent works on multilingual fake news detection (Chalehchaleh et al.
2025; Farokhian et al. 2024; Harris et al. 2025; Mohawesh et al. 2023b; Ni'mah et al.
2025; Rama Moorthy et al. 2025). This work bridges these gaps by fine-tuning MuRIL
on a comprehensive dataset of 82,946 labeled news statements. This enhances reliability in
real-world scenarios. Our methodology emphasizes robustness through stratified splitting,
detailed preprocessing, and language-wise evaluation, revealing insights into model behavior
across Indic scripts. The system is deployed as an interactive web application, democratizing
access for journalists, fact-checkers, and the public. Key contributions include:

e A thorough analysis of a large-scale multilingual fake news dataset, highlighting class
imbalance and language distribution.

e A fine-tuned MuRIL sequence classification model achieving superior performance in
Indic contexts.

e In-depth per-language performance diagnostics, informing future improvements for
low-resource settings.

e Public deployment via Gradio on Hugging Face, facilitating real-time multilingual in-
ference.

By integrating these elements, this study not only advances the state-of-the-art in Indic fake
news detection but also paves the way for scalable, ethical Al solutions in diverse linguistic
ecosystems (Arora et al. 2024; Biradar et al. 2025; Chakraborty et al. 2025; Dawood et al.
2025; E.Almandouh et al. 2024; Singh et al. 2025; Sirra et al. 2024; Sripriya et al. 2026;
Zaheer and Bashir 2024).



2 Related Work

The field of fake news detection has seen significant evolution, transitioning from rule-based
and classical machine learning techniques to sophisticated deep learning models (Arora et
al. 2024; Biradar et al. 2025; Chakraborty et al. 2025; E.Almandouh et al. 2024; Patel and
Surati 2024; Singh et al. 2025; Sirra et al. 2024; Zaheer and Bashir 2024). Recent advance-
ments leverage transformer-based architectures for contextual embeddings. In multilingual
contexts, particularly low-resource languages, models such as mBERT and XLM-R have
been adapted, but they underperform on Indic languages due to limited pre-training data
(Chalehchaleh et al. 2025; Fan et al. 2025; Harris et al. 2025; Lin et al. 2025; Meng et al.
2025; Mohawesh et al. 2023b). Specific to Indic and Indian languages, MuRIL has emerged
as a powerful tool, pre-trained on a vast corpus of 17 languages including transliterations
(Khanuja et al. 2021). Hybrid models incorporating linguistic features with BERT variants
have shown promise, as in multimodal approaches achieving high accuracy (Arora et al.
2024; E.Almandouh et al. 2024; Lin et al. 2025). Graph-based methods for Indic fake news
are explored, emphasizing propagation patterns (Chakraborty et al. 2025; Rama Moorthy
et al. 2025). Dual BERT architectures and ensemble methods with BERT embeddings have
also demonstrated strong results (Dawood et al. 2025; Farokhian et al. 2024; Singh et al.
2025). Contrastive learning frameworks address low-resource scenarios effectively (Ni'mah
et al. 2025). Multilingual BERT fine-tuning for specific languages like Tamil yields high
performance (Sripriya et al. 2026). Evolutionary perspectives on fake news as a dynamic
entity have been proposed (Marchetti and Mastrogiorgio 2025). LLM-based augmentation
tackles data scarcity in multilingual settings (Chalehchaleh et al. 2025; Mohawesh et al.
2025). Domain-specific datasets for low-resource languages like Urdu have been introduced
(Harris et al. 2025). Capsule neural networks offer multilingual solutions (Mohawesh et al.
2023b). Surface linguistic features enable multiclass detection across languages (Puraivan
et al. 2025). Ensemble approaches like hard voting classifiers analyze sentimental impact
(Arora et al. 2024). Bi-GRU-Bi-LSTM hybrids excel in Arabic detection (E.Almandouh et
al. 2024). Cat Swarm Sea Lion Optimization optimizes deep learning for Hindi (Sirra et
al. 2024). Deep learning reviews focus on COVID-19 misinformation (Zaheer and Bashir
2024). Multi-label datasets unravel fake narratives in code-mixed text (Biradar et al. 2025).
Our work extends these by fine-tuning MuRIL with detailed error analysis, building on re-
cent advances for robust Indic detection. To contextualize our approach, Table 1 compares
our model’s performance with selected state-of-the-art methods on similar tasks. Our fine-
tuned MuRIL achieves a competitive F1-score, with the advantage of broad coverage across
multiple Indic languages.

Table 1: Comparison with Selected State-of-the-Art Methods

Method Languages F1-score Reference

Dual BERT Multilingual 0.85 (Farokhian et al. 2024)
Graph-augmented Transformer  Context-aware 0.88 (Rama Moorthy et al. 2025)
Multilingual BERT English-Tamil 0.92 (Sripriya et al. 2026)
Our MuRIL Multilingual Indic ~ 0.879 This work




3 Dataset Description

The dataset comprises 82,946 news statements aggregated from diverse public sources, in-
cluding fact-checking websites and news archives, with binary labels: Real (0) accounting
for 29,233 samples (35.24%) and Fake (1) for 53,713 (64.76%). This imbalance reflects real-
world distributions where misinformation often outpaces verified content (Arora et al. 2024;
E.Almandouh et al. 2024; Patel and Surati 2024; Singh et al. 2025; Sirra et al. 2024).
The texts span a wide array of languages, predominantly Indic: English (en), Hindi (hi),
Tamil (ta), Gujarati (gu), Malayalam (ml), Punjabi (pa), Bengali (bn), Telugu (te), Marathi
(mr), Nepali (ne), and others (Biradar et al. 2025; Chakraborty et al. 2025; Zaheer and
Bashir 2024). Language detection was performed using the dataset’s 'lang’ field, revealing
English as the most represented, followed by Hindi and Tamil, while low-resource languages
like Marathi and Nepali have fewer instances, exacerbating performance disparities (Fan et
al. 2025; Meng et al. 2025). Code-mixing is prevalent, aligning with Indian social media
patterns (Biradar et al. 2025).
Formally, the dataset can be represented as:

D = {(zs,y:, li) }iey

where x; denotes the news statement text, y; € {0,1} is the binary label indicating real
or fake news, ¢; represents the language identifier, and N = 82,946 is the total number of
samples.

To ensure fair evaluation, a stratified train-test split (80-20) was applied based on labels,
yielding 66,356 training samples and 16,590 test samples. This preserves class proportions
and prevents leakage. Dataset proportions: Fake 64.76%, Real 35.24%. Such imbalances
necessitate careful metric selection, favoring Fl-score over accuracy (Chalehchaleh et al.
2025; Harris et al. 2025; Lin et al. 2025). This dataset’s scale and diversity surpass many

Table 2: Dataset statistics

Category Count Percentage
Total samples 82,946 100.00%
Fake (1) 53,713 64.76%
Real (0) 29,233 35.24%
Train split 66,356 80%
Test split 16,590 20%

existing Indic corpora, enabling robust multilingual training (Khanuja et al. 2021; Mohawesh
et al. 2025; Puraivan et al. 2025).

4 Preprocessing

Preprocessing is a critical step when handling noisy social media text, particularly in mul-
tilingual and code-mixed Indic settings. The objective of the preprocessing pipeline is to
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remove non-informative artifacts while preserving linguistic structure and script-specific in-
formation. All preprocessing steps were implemented in Python. The preprocessing pipeline
consists of the following targeted cleaning operations. First, a comprehensive cleaning func-
tion was defined to handle encoding artifacts prevalent in scraped Indic text:

import re
def clean_text(text):
text = str(text)
# remove encoding artifacts

text = re.sub(r"_x[0-9A-Fa-f]1{4}_", "", text)

text = re.sub(r"i;1|a€™| a€e|s€|2€\|5€7", " ", text)
# remove urls

text = re.sub(r"http\S+|www\S+", "", text)

# normalize spaces

text = re.sub(r"\s+", " ", text)

return text.strip()
df [’Statement’] = df[’Statement’].apply(clean_text)

Subsequently, a lighter variant focused primarily on URL removal and whitespace normal-
ization was also applied in certain pipeline stages for additional consistency:

import re

def clean_text(text):
text = str(text)
text = re.sub(r"http\S+|www\S+", "", text)
text = re.sub(r"\s+", " ", text)

return text.strip()
df [’Statement’] = df[’Statement’].apply(clean_text)

First, hyperlinks and URLs were removed using regular expressions in order to eliminate
non-semantic content that does not contribute to fake news classification. Second, encoding
artifacts commonly observed in Indic datasets were addressed. These artifacts arise due
to improper Unicode decoding and include malformed character sequences and replacement
symbols. Such patterns were systematically removed using regular expression filtering to
ensure clean and readable text across scripts. Third, whitespace normalization was applied
to collapse multiple consecutive spaces into a single space and to remove leading and trailing
whitespace. For consistency across datasets, column names were standardized by renam-
ing Statement to text, Label to label, and language to lang. Only these three fields
were retained for downstream processing. No aggressive normalization techniques such as
stemming or lemmatization were applied. This design choice was motivated by the fact that
MuRIL’s tokenizer is optimized for raw Indic and code-mixed text. Excessive normalization
can negatively impact low-resource languages by removing morphological and syntactic cues
essential for meaning preservation (Arora et al. 2024; E.Almandouh et al. 2024; Ni’'mah et
al. 2025; Patel and Surati 2024; Singh et al. 2025).



5 Methods

5.1 Model Architecture

The proposed system leverages MuRIL-base-cased (google/muril-base-cased), a Transformer-
based language model developed by Google Research specifically for multilingual representa-
tions in Indian languages. MuRIL adopts a BERT-base architecture, comprising 12 Trans-
former layers, a hidden size of 768, 12 attention heads, and approximately 237 million
parameters (Khanuja et al. 2021). For the fake news detection task, a lightweight linear
classification head is added on top of the pooled representation from the special [CLS]| to-
ken. Tokenization is handled by MuRIL’s dedicated WordPiece tokenizer, with a maximum
sequence length of 256 tokens. Overall, this architecture excels in capturing deep seman-
tic relationships across diverse Indic scripts, romanized forms, and code-mixed expressions
prevalent in Indian social media content (Khanuja et al. 2021; Sirra et al. 2024; Sripriya et
al. 2026; Zaheer and Bashir 2024).

5.2 Training Setup

Model fine-tuning was conducted using a T4 GPU. Mixed-precision training (FP16) was
enabled to accelerate computation and reduce memory consumption. We allocated 10% of
the training data as a validation set for hyperparameter tuning and early stopping. Training
was managed using the Hugging Face Trainer API with the AdamW optimizer and cross-
entropy loss function.

The learning objective is formulated as a supervised binary classification problem. Given
an input text sequence z, the fine-tuned MuRIL model produces a contextual representation
hicrg) € R™® corresponding to the special classification token. This representation is passed
through a linear classification layer to obtain logits:

zZ — Wh[CLS} +b

where W and b denote the trainable weight matrix and bias vector, respectively.
The predicted class probabilities are computed using the softmax function:

y = softmax(z)

Model optimization is performed by minimizing the categorical cross-entropy loss:

C
L=-> ylog(ii)
=1

where C' denotes the number of output classes, y; is the ground-truth label, and ¢; is the
predicted probability for class 7.

To address the class imbalance, we applied class weights inversely proportional to class
frequencies. A learning rate of 2 x 107> was selected after grid search on {le-5, 2e-5, Se-
5}, and the model was trained for two epochs. Stratified sampling was employed during
the train—test split to preserve class distribution and mitigate bias introduced by dataset
imbalance.



Parameter updates are carried out using the AdamW optimizer, which decouples weight
decay from gradient-based updates. Given gradients ¢, at timestep ¢, AdamW updates
parameters 0, as:

my = Bimy—1 + (1 — B1)ge
vy = Bove1 + (1 — B2)g;
my
Op1 =0, — — A0
t+1 t— 1 NoEY: AUy
where m; and v; denote the first and second moment estimates, n is the learning rate, \ is
the weight decay coefficient, and Sy, 82 are momentum parameters.
Evaluation during training focused primarily on the Fl-score, as it provides a bal-

anced measure of performance in imbalanced classification scenarios (Biradar et al. 2025;
Chakraborty et al. 2025; Dawood et al. 2025; Lin et al. 2025).

6 Results

6.1 Overall Performance

The fine-tuned MuRIL model demonstrates strong performance on the multilingual test
set, achieving an overall accuracy of 83.86%, precision of 85.36%, recall of 90.62%, and
an Fl-score of 87.91%. The foundational counts are derived from the confusion matrix: -
True Positives (TP): 9735 - True Negatives (TN): 4177 - False Positives (FP): 1670 - False
Negatives (FN): 1008 The evaluation formulas are as follows:

TP + TN
A = = 83.
ccuracy TP + TN © FP + TN 83.86%
TP
Precision = —— = 85.
recision = TP 85.36%
TP
Recall = ——— = 90.62
T TP LEN ¢
Precisi Recall
F1l-score = 2 x reasion x necan 87.91%

Precision + Recall
The class-wise evaluation indicates better performance on fake news detection compared to
real news classification, consistent with the underlying dataset imbalance (Arora et al. 2024;
E.Almandouh et al. 2024; Meng et al. 2025; Singh et al. 2025).

6.2 Confusion Matrix

6.3 Language-Wise Analysis

A detailed language-wise evaluation reveals that performance varies significantly across lan-
guages. High-resource languages achieve strong F'1-scores, while low-resource languages ex-
hibit substantially lower performance (Biradar et al. 2025; Chakraborty et al. 2025; Ni’'mah
et al. 2025; Sirra et al. 2024; Sripriya et al. 2026; Zaheer and Bashir 2024). For instance, in
low-resource languages like Marathi, the model often misclassifies real news as fake due to
similarity with high-resource fake samples and limited training examples.
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Table 3: Overall performance metrics

Metric Value

Accuracy 83.86%
Precision  85.36%
Recall 90.62%
Fl-score 87.91%

Table 4: Confusion matrix (rows: actual labels, columns: predicted labels)

Real Fake

Real 4177 1670
Fake 1008 9735

7 Deployment

The trained model is deployed as a real-time web application using Hugging Face Spaces and
the Gradio framework (available at https://huggingface.co/spaces/AVI-0510/NEWS).
The deployment loads the fine-tuned MuRIL model and tokenizer directly from the project
repository, enabling end-to-end inference without additional server-side configuration. The
user interface allows users to input multilingual news text and receive classification outputs
in real time. This deployment supports practical use cases for journalists, researchers, and
fact-checkers, facilitating multilingual misinformation analysis in an accessible and scalable
manner (Arora et al. 2024; E.Almandouh et al. 2024; Farokhian et al. 2024; Rama Moorthy
et al. 2025; Singh et al. 2025).

8 Discussion

MuRIL’s Indic-focused pre-training enables effective semantic capture, outperforming gen-
eral models in code-mixed scenarios (Khanuja et al. 2021). Limitations include dataset
imbalance, leading to recall bias toward Fake; low-sample languages exhibit variance due
to underrepresentation. Augmentation via LLMs could mitigate this (Chalehchaleh et al.
2025; Harris et al. 2025; Meng et al. 2025; Mohawesh et al. 2025; Puraivan et al. 2025).
Future work: Integrate multimodality (images/videos), active learning for low-resource, and
ensemble with graph models (Biradar et al. 2025; Chakraborty et al. 2025; Lin et al. 2025;
Rama Moorthy et al. 2025; Sirra et al. 2024; Zaheer and Bashir 2024).

9 Conclusion

This research advances multilingual fake news detection for Indic languages through fine-
tuned MuRIL, achieving 87.91% F1. Comprehensive analysis and deployment underscore
practical value. Future directions include LLM augmentation and multimodal extensions for


https://huggingface.co/spaces/AVI-0510/NEWS

Table 5: Language-wise Fl-scores (selected languages)

Language F1-score
English (en) 0.9141
Bengali (bn) 0.8058
Malayalam (ml)  0.7921
Tamil (ta) 0.7899
Telugu (te) 0.7692
Gujarati (gu) 0.7608
Hindi (hi) 0.7442
Punjabi (pa) 0.7439
Unknown 0.6970
Nepali (ne) 0.6667
Marathi (mr) 0.4000

Indonesian (id) 0.1667

enhanced robustness in diverse linguistic ecosystems (Arora et al. 2024; Biradar et al. 2025;
Chakraborty et al. 2025; Dawood et al. 2025; E.Almandouh et al. 2024; Ni'mah et al. 2025;
Singh et al. 2025; Sirra et al. 2024; Zaheer and Bashir 2024).

Lowercasing

Y

@Eﬂl&ﬂﬂn, Num@

Figure 1: Overview of the preprocessing pipeline applied to multilingual and code-mixed
Indic news text prior to model training.




Input IDs: [1e4, 1233, 1127, 121843, 33658, 5505, 1115, 105]
Tokens: ['[cLs]’, @&, 'U®', 'B®', '=W', 'I&ARRO", '§', '[SEP]']

Figure 2: Illustration of the MuRIL-based tokenization process applied to multilingual and
code-mixed Indic text.

Dataset Train / Test Split Fine-tuning Validation
(Stratified) MuRIL Model Metrics

Figure 3: Complete MuRIL-based model architecture for multilingual fake news detection,
including tokenization, transformer layers, and the classification head.

(Wgse{nig%t;e) Gradio App Fine-tuned MuRIL Model Prediction Output

Figure 4: Deployment architecture of the fine-tuned MuRIL model, showing the end-to-end
workflow from input collection to real-time inference.

EI Multilingual Indian Fake News Detector

Classify news artcles in English, Hindi, Tamil, Gujarati, and other Indian languages as Real, Fake, or Uncertain using a ine-tuned MuRIL transformer model

Figure 5: Dashboard of the deployed multilingual fake news detection system on Hugging
Face Spaces.
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