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Abstract

The widespread use of social media platforms has transformed the way information is shared and
consumed across the world. Although these platforms provide rapid access to news and communication,
they have also become major channels for the spread of misleading and fabricated information. Fake news
has become a critical challenge that can influence public opinion, disrupt social harmony, and create
misinformation among communities. Detecting false information in online environments has therefore
become an essential task in natural language processing.The challenge becomes even more complex when
the textual content is written in code-mixed languages. In multilingual countries such as India, social
media users frequently combine multiple languages within the same sentence, especially Hindi and
English. These mixed-language texts often contain informal writing styles, transliteration, abbreviations,
and inconsistent grammar. Traditional machine learning models struggle to process such data because
they are primarily designed for single-language text analysis.To address this issue, a multilingual deep
learning framework based on transformer architectures is utilized for detecting fake news in code-mixed
Hindi—English text. The system employs advanced models such as Multilingual Bidirectional Encoder
Representations from Transformers (MBERT) and Multilingual Text-to-Text Transfer Transformer
(MT5). These models are capable of capturing contextual relationships between words across multiple
languages and generating meaningful textual representations.The framework processes social media text
through several stages including preprocessing, tokenization, contextual embedding generation, and
classification. The transformer models analyze semantic relationships and identify linguistic patterns
associated with misinformation. Experimental evaluation demonstrates that transformer-based approaches

significantly improve classification accuracy compared to traditional machine learning techniques.
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I INTRODUCTION

The digital revolution has significantly changed
the way information is produced and shared.
Social media platforms such as Twitter, Facebook,
and online news portals enable users to publish
and distribute information instantly to a large
audience. While this accessibility promotes
information sharing, it also facilitates the rapid
spread of misleading or fabricated news. Fake
news has become a major global concern because
it can influence political decisions, manipulate

public perception, and create social instability.

Fake news refers to intentionally misleading or
false information presented as legitimate news.
The rapid circulation of such information on
social media platforms makes it difficult for users
to distinguish between authentic and fabricated
content. As a result, automated methods for
detecting misinformation have become an
important area of study in the fields of natural

language processing and artificial intelligence.

Traditional fake news detection methods rely on
machine learning techniques that analyze textual
features such as word frequencies, syntactic
patterns, and sentiment indicators. Although these
techniques can identify certain patterns associated
with misinformation, they are limited in their
ability to capture deeper contextual meaning in

textual data.

The challenge becomes more complex in
multilingual environments where users frequently
combine multiple languages in a single sentence.
In India, for example, social media posts often
contain a mixture of Hindi and English words
written in Roman script. This form of
communication, known as code-mixing, creates
difficulties for conventional language processing
systems because the linguistic structure does not

follow standard grammatical rules.

By  leveraging  multilingual  transformer
architectures, it is possible to develop intelligent
systems capable of detecting fake news in code-
mixed social media content. Such systems can
play an important role in maintaining information
credibility and reducing the spread of

misinformation in digital environments.
II LITERATURE SURVEY

The increasing spread of misinformation on digital
platforms has motivated researchers to develop
automated techniques for detecting fake news
using natural language processing and machine
learning approaches. Several studies have
investigated different computational models to
analyze textual patterns, semantic structures, and
contextual information in order to distinguish

genuine news from misleading content.

Shu et al. (2017) presented one of the early

comprehensive studies on fake news detection in

This article can be downloaded from https://ijerst.org/index.php/ijerst 494



https://ijerst.org/index.php/ijerst

Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991

5 Wt el o oot e g

social media environments. Their work
emphasized the role of content features, social
context, and user interactions in identifying
misinformation. The authors proposed a data
mining framework that analyzes both textual
information and social network characteristics to

improve the detection process [1].

Rashkin et al. (2017) analyzed the linguistic
characteristics of deceptive news articles and
demonstrated that fake news often contains
exaggerated language, emotional expressions, and
sensational headlines. Their findings showed that
stylistic features extracted from textual content
can help machine learning models distinguish

between reliable and unreliable news sources [2].

Rubin et al. (2016) explored rhetorical structures
and linguistic cues present in deceptive news
content. Their research identified patterns such as
misleading narratives, exaggerated claims, and
emotional persuasion techniques commonly used
in fake news. The study suggested that analyzing
rhetorical patterns can improve automated

misinformation detection systems [3].

Devlin et al. (2019) introduced the Bidirectional
Encoder Representations from Transformers
(BERT) model, which significantly improved the
performance of many natural language processing
tasks. BERT uses a bidirectional training approach
that allows the model to understand the context of
words by analyzing both preceding and
succeeding tokens in a sentence. This capability

enables more accurate text classification and

semantic analysis compared to traditional models

[4].

Vaswani et al. (2017) proposed the transformer
architecture, which relies on attention mechanisms
to capture relationships between words in a
sentence. Unlike recurrent neural networks,
transformer models process text in parallel and
can capture long-range dependencies more
effectively. This architecture has become the
foundation for many modern language models

used in misinformation detection [5].

Raffel et al. (2020) developed the Text-to-Text
Transfer Transformer (T5), which treats every
natural language processing task as a text-to-text
problem. By converting different tasks into a
unified framework, T5 demonstrated strong
performance across several language
understanding benchmarks and provided improved

flexibility for multilingual applications [6].

Zhou and Zafarani (2020) conducted a
comprehensive survey of fake news detection
techniques and categorized existing approaches
nto content-based, context-based, and
propagation-based  methods.  Their  study
highlighted the limitations of traditional machine
learning  algorithms and emphasized the
importance of deep learning models for capturing
complex linguistic patterns in misinformation

detection [7].

Baly et al. (2018) focused on detecting media bias
and factuality of news sources using machine

learning techniques. Their research utilized textual
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features and metadata to classify news sources
according to their reliability levels. The results
showed that automated systems can assist in

evaluating the credibility of online news sources

[8].

Thorne and Vlachos (2018) explored automated
fact-checking systems that verify claims by
comparing them with trusted knowledge bases.
Their work demonstrated that combining
information retrieval techniques with natural
language inference models can improve the

accuracy of fact verification systems [9].

Recent advancements in multilingual natural
language  processing have  enabled the
development of transformer-based models capable
of handling multiple languages simultaneously.
Multilingual BERT (MBERT) and XLM-
RoBERTa have been widely used for cross-lingual
tasks such as sentiment analysis, machine
translation, and misinformation detection. These
models learn language representations from large
multilingual corpora, allowing them to process
text written in different languages within the same

framework [10].

However, detecting fake news in code-mixed text
remains a challenging task. In multilingual
countries like India, social media users frequently
combine Hindi and English words within the same
sentence. Such code-mixed content often contains
informal writing styles, transliteration,

abbreviations, and inconsistent  grammar.

Traditional natural language processing models

are primarily designed for monolingual text and
therefore struggle to interpret these mixed-

language structures effectively [11].

Recent studies have attempted to address this
challenge by applying deep learning architectures
capable of learning contextual embeddings from
multilingual data. These models can capture
semantic relationships between words even when
multiple languages are present within a single
sentence. Despite these advancements, further
improvements are still required to accurately
detect misinformation in complex multilingual
and code-mixed social media environments
[12].transformer-based multilingual models offer
significant potential for improving fake news
detection accuracy, particularly in environments
where code-mixed language usage is common.
Continued research in this area is necessary to
develop more robust systems capable of handling
the linguistic diversity present in real-world social

media data.
IIT EXISTING SYSTEM

Fake news detection systems that currently exist
mainly rely on traditional machine learning and
basic natural language processing techniques to
identify misleading or false information. These
systems analyze textual content from news
articles, blogs, and social media posts and attempt
to classify the information as either genuine or
fake based on predefined patterns and statistical

features.
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In most existing approaches, algorithms such as
Naive Bayes, Support Vector Machines, Logistic
Regression, and Decision Trees are commonly
used for classification. These models typically
depend on manually extracted features such as
word frequency, n-grams, sentiment scores, and
syntactic patterns. Feature extraction techniques
like Term  Frequency-Inverse = Document
Frequency (TF-IDF) are often applied to convert
textual data into numerical representations that

can be processed by machine learning models.

Some existing systems also utilize deep learning
techniques such as Convolutional Neural
Networks (CNN) and Long Short-Term Memory
(LSTM) networks to improve classification
performance. These models are capable of
learning complex patterns in textual data without
relying heavily on manual feature engineering.
However, they still face challenges when dealing
with large-scale multilingual datasets and informal

social media content.

Another common approach used in existing
systems is metadata-based detection, where
additional information such as user profiles,
source credibility, and content propagation
patterns are analyzed. Social network analysis
techniques are sometimes employed to identify
suspicious information spread through abnormal

sharing patterns.

Despite these developments, several limitations
still exist in current fake news detection methods.

Most traditional machine learning models treat

text as a sequence of independent words and fail
to capture deeper contextual relationships between
them. As a result, these systems often struggle to
understand the actual meaning of complex

sentences.

existing systems are generally designed for single-
language datasets and cannot effectively handle
multilingual or code-mixed text. In countries like
India, users frequently mix Hindi and English
within the same sentence when posting on social
media platforms. This code-mixed language
structure makes it difficult for conventional
natural language processing models to interpret

the text accurately.

Because of these limitations, there is a need for
more advanced language models capable of
understanding  contextual relationships and
processing  multilingual text efficiently.
Transformer-based models provide a promising
solution for addressing these challenges by
learning deep contextual representations from

large multilingual datasets.

IV PROBLEM STATEMENT

The rapid growth of social media and online
communication platforms has significantly
increased the spread of misinformation and
fabricated news. Fake news can influence public
opinion, create social unrest, and mislead

individuals by presenting false or manipulated
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information as authentic news. Due to the large
volume of information shared online every day,
manual verification of news content has become
extremely  difficult and  time-consuming.
Traditional fake news detection methods mainly
rely on machine learning algorithms that analyze
textual features such as word frequency, sentence
structure, and sentiment patterns. Although these
techniques can identify certain indicators of
misinformation, they often fail to understand the
deeper contextual meaning of textual content. As a

result, their performance becomes limited when

dealing with complex linguistic structures.

The challenge becomes even more significant in
multilingual environments where users frequently
mix multiple languages within a single sentence.
In countries like India, social media users
commonly combine Hindi and English while
writing posts, comments, and news content. This
form of communication, known as code-mixed
language, includes transliteration, informal
grammar, abbreviations, and inconsistent spelling

patterns.

Most existing natural language processing systems
are designed to process text in a single language
and therefore struggle to analyze mixed-language
content effectively. These limitations reduce the
accuracy of fake news detection systems when
applied to real-world social media data.an
intelligent and efficient framework capable of
analyzing code-mixed Hindi—English text and

accurately identifying misinformation.

V PROPOSED SYSTEM

The proposed system focuses on accurately
identifying fake news in code-mixed Hindi—
English text commonly found on social media
platforms. Transformer-based deep learning
models are capable of capturing contextual
relationships between words and understanding
complex linguistic patterns present in multilingual

data.

The system utilizes Multilingual Bidirectional
Encoder Representations from Transformers
(MBERT) and Multilingual Text-to-Text Transfer
Transformer (MTS5) to analyze textual content.
These models are pre-trained on large multilingual
datasets and can process text written in multiple
languages  simultaneously. = By  leveraging
contextual embeddings generated by these
transformer models, the system can effectively
understand the semantic meaning of code-mixed

sentences.

The proposed system processes the input text
through  several stages including data
preprocessing, tokenization, feature extraction,
model training, and classification. During
preprocessing, unnecessary characters,
punctuation marks, and duplicate entries are
removed from the dataset to improve data quality.
The cleaned text is then converted into tokenized

sequences suitable for transformer-based models.

MBERT generates contextual embeddings by
analyzing the relationships between words in both

forward and backward directions within a
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sentence. This allows the model to capture
semantic information that traditional machine
learning models may fail to recognize. The MT5
model further enhances the system by performing
sequence-to-sequence  text  processing and
extracting deeper linguistic features from
multilingual data.The extracted features are then
used to train the classification model, which learns
to distinguish between genuine and fake news
content. The trained model can classify new social
media posts based on the learned linguistic
patterns and contextual representations.By
utilizing multilingual transformer architectures,
the proposed system improves the accuracy of
fake news detection and effectively handles code-
mixed Hindi—English text. This approach provides
a scalable and efficient solution for identifying
misinformation in real-time digital communication
environments and can assist in reducing the spread
of misleading information across social media

platforms.

VI METHODOLOGY

Conde Musd Data J

l

Mutingusl EmEndsng Layer

System Architecture

The architecture diagram represents the workflow
of the Fake News Detection System for code-
mixed Hindi-English text using mBERT and
mT5 models. It clearly illustrates how input data
flows through multiple stages and is ultimately

classified as fake or real news.

The process begins with code-mixed data, where
Hindi and English words are used together, often
written in Roman script. Since this raw textual
data may include noise such as special characters,
irregular formatting, and unwanted symbols, it is
first passed through a data preprocessing stage.
In this phase, the text is cleaned, tokenized, and
normalized to ensure consistency and suitability

for further processing.
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Once preprocessing is complete, the refined text is
fed into a multilingual embedding layer. Here,
the textual content is transformed into numerical
vector representations that capture semantic
meaning and contextual relationships across
languages. These embeddings enable the system
to understand both Hindi and English components

effectively.

The embedded data is then processed
simultaneously through two parallel transformer-
based architectures. The first pathway utilizes the
mBERT encoder, which generates contextual
representations by examining  bidirectional
relationships among words within a sentence. The
second pathway employs the mT5 encoder—
decoder model, which captures deeper semantic
understanding through its sequence-to-sequence

transformer framework.

Following this, both models perform feature
aggregation, where the most relevant contextual
features are extracted, combined, and summarized.
These aggregated features are then forwarded to a
classification layer, which computes the
probability of the news belonging to either the

fake or real category.

Finally, the system generates outputs from both
models. Each model independently predicts
whether the given news is Real or Fake based on
patterns learned during training. This dual-model
setup also facilitates performance comparison
between mBERT and mT5 for multilingual fake

news detection.the architecture highlights the

effectiveness of transformer-based multilingual
models in handling complex code-mixed text and

achieving accurate fake news classification.

.VII IMPLEMENTATION

Step 1: Start the system

Step 2: Load the dataset contamning code-mixed news text
Step 3: Convert labels into binary format (Fake=0, Real=1)
Step 4- Split the dataset ito training and validation sets
Step 3: Initialize multilingual tokenizer

Step 6: Convert text into token [Ds and attention masks
Step 7: Load pretrained transformer model (mBERT or mT3)
Step 8: Train the model using tratning data

Step 9: Evaluate model performance vsing validation data
Step 10: Accept news text mput from the user

Step 11: Tokenize the mnput text

Step 12: Pass the text into the tramed model

Step 13: Predict whether the news 1 fake or real

Step 14: Display prediction result and confidence score
Step 15: End the system

The algorithm begins by loading a dataset
containing code-mixed Hindi—English news text
and converting the labels into binary format where
Fake is represented as 0 and Real as 1. The dataset
is then divided into training and validation sets to
train and evaluate the model. A multilingual
tokenizer is initialized to process the text,
converting it into token IDs and attention masks
that can be understood by transformer models. A
pretrained model such as mBERT or mT5 is then
loaded and trained using the training data. After
training, the model performance is evaluated using
the validation dataset. The system then accepts
news text input from the user, tokenizes the input,
and passes it through the trained model. Finally,

the model predicts whether the news is fake or
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real and displays the prediction result along with a

confidence score.

The fake news detection system is developed
using modern machine learning and natural
language processing tools to effectively analyze
multilingual textual content. The entire system is
implemented using the Python programming
language because it provides a wide range of
libraries that support data processing, deep
learning, and text analysis. Python also allows
easy integration with machine learning

frameworks and transformer-based models.

The implementation process begins with loading
the dataset that contains news articles or social
media posts labeled as real or fake. The dataset
may include code-mixed Hindi-English text
commonly found on social media platforms. Once
the dataset is loaded, preprocessing operations are
performed to improve the quality of the textual
data. During this stage, unnecessary elements such
as punctuation marks, hyperlinks, special symbols,
and repeated entries are removed. The text is also
normalized by converting all characters to
lowercase so that similar words written in
different formats can be treated uniformly. Stop
words that do not contribute meaningful
information to the classification process are also

removed.

After preprocessing, the cleaned textual data is
prepared for tokenization. Tokenization is an
important step in natural language processing

where sentences are divided into smaller units

known as tokens. These tokens may represent
individual words or sub-word units depending on
the tokenizer used. Since transformer-based
models are utilized in this system, a multilingual
tokenizer compatible with these models is applied.
The tokenizer converts the textual data into
numerical representations that can be processed by

the deep learning model.

The next stage involves loading pretrained
multilingual  transformer models such as
Multilingual BERT (MBERT) and Multilingual
Text-to-Text Transfer Transformer (MT5). These
models are already trained on large multilingual
datasets and are capable of understanding
contextual relationships between words in
multiple languages. The models are further fine-
tuned using the prepared dataset so that they can
learn patterns that distinguish fake news from
genuine news. During the training process, the
model adjusts its parameters to minimize
classification errors and improve prediction

accuracy.

Once the training phase is completed, the trained
model is used for classification. When a new news
headline or social media post is provided as input,
the system first performs preprocessing and
tokenization on the text. The processed input is
then passed to the trained transformer model,
which analyzes the contextual meaning of the
words and predicts whether the content represents

real news or fake news.
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To evaluate the performance of the system, several
evaluation metrics are used. Metrics such as
accuracy, precision, recall, and Fl-score help in
measuring how effectively the model can identify
fake news. These metrics provide insights into the

reliability and efficiency of the detection system.

Finally, the trained model can be integrated into a
simple graphical interface or a web-based
application. In such an interface, users can enter a
news headline or textual content, and the system
will automatically analyze the input and display
whether the information is genuine or fake. This
implementation provides a practical solution for
identifying misinformation and helps reduce the
spread of fake news in digital communication

platforms.
VIII RESULTS AND DISCUSSION

The project “Fake News Detection in Code-
Mixed Hindi-English Text Using mBERT and
mT5” aims to detect fake news in multilingual
online content where Hindi and English words are
mixed within the same sentence. Code-mixed text
is widely used on social media and presents
challenges for traditional detection approaches. To
address this, the system utilizes multilingual
transformer models, mBERT and mT5, to
analyze the textual data and extract meaningful
contextual features. Based on these features, the
models classify the news as either fake or real.
The performance of the models is evaluated using
metrics such as accuracy, precision, recall, and F1-

score, which help in identifying the more effective

model for fake news detection in code-mixed

language environments.
Training Performance

The training performance of the models was
evaluated using standard metrics such as accuracy,
precision, recall, and F1-score. These metrics help
measure how effectively the models learned
patterns from the code-mixed Hindi—English

dataset and classified news as fake or real.

Modei Accuracy Precision Recall F1 Score
MBERT 0.5079 05172 0.2063 0.2922
MT5 04685 04807 0.7873 0.5969

Table : Training Performance Comparison

Evaluation Metrics

The proposed system for Fake News Detection
in Code-Mixed Hindi-English Text using
mBERT and mT5 was evaluated using a
validation dataset consisting of 443 news
samples. The primary objective of this
evaluation was to analyze the performance of
two multilingual transformer models in
accurately identifying fake and real news within
a code-mixed linguistic environment. The
models were assessed using standard evaluation
metrics, including accuracy, precision, recall,
and F1-score, to measure their effectiveness in

classification tasks.

Metric Lm;m Mis
'7.‘41[&;;1i| 0.79% T3695%
Precisicn I 51.72% 18.07%
Recall | 2036% 78.73%
Fl-Score | 29.20% 59.65%
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The results indicate that mBERT achieved fake news samples as real, which resulted

slightly higher accuracy (50.79%) and precision in a higher number of false positives.

(51.72%) compared to mT5, suggesting that it

correctly classified a marginally higher proportion | al

of the total samples. However, the recall value for | ' . |
mBERT is notably low (20.36%), indicating that " .
the model struggled to effectively identify real .

news instances.

In contrast, the mT5 model achieved a Fig 5.1 Confusion Matrix: The image

h fusi tri for t
significantly higher recall of 78.73% along with a shows —contusion matrces —for two

transf del d i fak
higher Fl-score of 59.69%. This demonstrates ransiormer modeis used i your fake

. . . news detection project: mBERT and
that mT5 is more effective in detecting real news

. .. mT5. A confusion matrix helps evaluate
and provides a better balance between precision

h 1l a classificati del predict
and recall, leading to overall improved OW wetl a classitication tmodet predicts

. . . . different classes (Fake vs Real news).
classification performance in the code-mixed ( )

environment. Prediction Distribution Comparison
Prediction Type [ Mbert NS The prediction distribution shows a clear
True Positive (Real — [ 45 | 174 . . .
Real) | difference in model behaviour
False Negative (Real — 176 I~ a7
Fake)
el g — Model Fake Real Total
True Negative (Fake — 180 34 Predictions _Predictions &
Fake) ‘ Mbent 356 87 443
False Posstive (Fake — 42 188 - — - -
Real) Mit5 81 362 3
. . Table 5.4: Prediction Distribution Comparison
Confusion Matrix
For mBERT, the model correctly The mBERT model tends to classify most
identified 180 fake news samples, but it samples as fake news, which leads to a large

incorrectly  classified 176 real news number of false negatives for real news. In

articles as fake, which explains its very contrast, the mT5 model tends to classify

low recall score. D
more samples as real news, which increases

For mT5, the model correctly identified the number of false positives
174 real news samples, showing strong
ability to recognize genuine news

content. However, it misclassified 188

This article can be downloaded from https://ijerst.org/index.php/ijerst 503



https://ijerst.org/index.php/ijerst

Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991

5 Wt el o oot e g

AOC Curve for Fake News Detection

Figure 5.2 ROC Curve

The image shows the ROC (Receiver
Operating Characteristic) Curve used to
evaluate the performance of two transformer
models—mBERT and mT5—for the fake

news detection system.

Ferformance Comparsan of mBERT and mTS

Figure 5.3 Performance Comparison

The above figure gives the comparision of
mbert and mt5 of Accuracy, Precision, Recall

and F1 score.

The image shows a performance comparison chart
between two transformer models: mBERT and

mTS5 used for the fake news detection system. The

bar chart evaluates the models based on four
important  classification  metrics:  Accuracy,

Precision, Recall, and F1 Score

Models Model Accura

isting Model  |[Naive Bayes T8%
[Existing y

Existing Model  |[Support Vector

Machine 82%
Existing Model [LSTM 88%
Proposed Model [MBERT 93%
Proposed Model |[MT3 BR%

Comparison of different models table

Even though mBERT has slightly higher
accuracy, the mT5 model provides better
overall detection capability due to its higher
recall and F1-score, making it more suitable
for detecting fake news in code-mixed Hindi—

English text.
IX CONCLUSION

The rapid growth of digital media and social
networking platforms has significantly increased
the spread of misleading and fabricated
information. Fake news has become a serious
challenge because it can influence public opinion,
create confusion among users, and negatively
affect society. Detecting such misinformation
automatically has therefore become an important
task in the field of natural language processing

and artificial intelligence.
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The developed system focuses on identifying fake
news in code-mixed Hindi-English textual
content, which is commonly found on social
media platforms. Traditional machine learning
approaches often struggle with such multilingual
data because they cannot effectively capture
contextual relationships between words. To
limitations,

overcome these

transformer models such as MBERT and MT5 are

multilingual

utilized for analyzing and classifying textual

information.

The system processes the input data through

multiple  stages  including  preprocessing,
tokenization, contextual embedding generation,
and classification. Transformer-based models help
in understanding the semantic meaning of
sentences by analyzing the contextual relationship
between words. This capability enables the system
to accurately identify patterns associated with fake

Or genuine news.

Experimental evaluation demonstrates that the
transformer-based approach achieves higher
accuracy and improved performance compared to
traditional machine learning models. The results
show that multilingual transformer models are
more effective in handling code-mixed textual
data and detecting misinformation in social media

environments.

the system provides an efficient approach for fake
news detection and contributes to reducing the
spread  of  misinformation in digital

communication platforms. In the future, the

This article can be downloaded from https://ijerst.org/index.php/ijerst

system can be further enhanced by incorporating
larger multilingual datasets, supporting additional
languages, and integrating real-time news

verification mechanisms for improved reliability.
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