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Abstract—In the digital era, misinformation and fake news have
become significant global concerns, especially across multilingual
platforms where content is consumed in various languages.
Traditional fake news detection systems are mostly designed for a
single language, limiting their effectiveness in diverse linguistic
environments. This project introduces a comprehensive approach
to multilingual fake news detection using transformerbased
models—mBERT, mT5, and GPT. Each model is finetuned on a
curated dataset consisting of news articles in four different
languages. The system includes careful preprocessing steps such
as language detection, tokenization, and normalization to handle
language-specific characteristics. mBERT is employed for
extracting contextual embeddings, mTS5 treats fake news detection
as a text-to-text transformation task, and a GPThbased model is
used to tackle ambiguous cases through promptbased reasoning.
Performance is evaluated using metrics such as accuracy,
precision, recall, F1-score, and confusion matrix. A comparative
analysis highlights the strengths and weaknesses of each model,
showcasing that multilingual transformer architectures
significantly improve fake news detection accuracy and reliability
across multiple languages. This work contributes to the
development of robust, scalable, and trustworthy solutions to
combat the spread of misinformation on a global scale.

Keywords—Fake News Detection, Multilingual NLP,
Transformer Models, mBERT, mT5, GPT, Text Classification,

Misinformation Detection.

. INTRODUCTION

In the contemporary digital era, the dissemination of
information through various online platforms such as social
media, digital news portals, and messaging applications has
revolutionized the way people consume content. However, this
rapid and widespread access to information has simultaneously
given rise to a pressing issue: the rampant spread of
misinformation and fake news. Misinformation, which includes
partially incorrect, misleading, or deliberately deceptive
content, can have profound impacts on public opinion, health
decisions, election outcomes, financial markets, and social
harmony [1], [2]. The implications of fake news extend beyond
individual perception, affecting collective behavior and even
international relations when political propaganda or
manipulated narratives are propagated across borders.

The fake news problem is further exacerbated by the global
reach of digital platforms that cater to diverse linguistic
audiences. Unlike traditional print or television media, today’s
digital platforms support content generation and consumption
in hundreds of languages. Consequently, misinformation now

spreads in multiple linguistic and cultural contexts, making it a
cross-border and cross-lingual challenge [3], [4]. Traditional
fake news detection techniques, which are often trained on
monolingual datasets—mostly English—are unable to scale
effectively to this multilingual scenario. These models typically
fail to generalize across languages due to variations in linguistic
structure, semantics, idiomatic expressions, and cultural
nuances [2], [6], [10]. Moreover, these limitations reduce the
reliability of such models when applied to lowresource
languages that lack annotated datasets and established NLP
tools.

To address this complex issue, the research community has
turned to transformer-based architectures, which have
demonstrated unprecedented performance in various natural
language processing (NLP) tasks. Models like Multilingual
BERT (mBERT), Multilingual TS5 (mT5), GPT, and XLM-
RoBERTa have significantly improved cross-lingual
representation learning through self-attention mechanisms and
transfer learning from massive multilingual corpora [5], [6],
[8]. These transformer models capture both syntactic and
semantic features of language, allowing them to operate
effectively across multiple languages without needing separate
models for each one. For instance, mBERT employs masked
language modeling and next sentence prediction to learn deep
contextual representations, while mT5 treats every NLP
problem—including classification—as a  text-to-text
transformation task, enhancing its adaptability to multilingual
classification [8], [12].

In the context of this project, we investigate the capabilities
of three powerful transformer-based models—mBERT, mT5,
and GPT—for multilingual fake news detection. The core idea
is to develop a hybrid and flexible model that not only supports
multiple languages but also exhibits high classification
accuracy, robustness, and adaptability. The dataset used for
experimentation comprises a well-balanced mix of real and fake
news articles in four languages: English, Hindi, Spanish, and
French. These languages were selected to represent a
combination of high-resource (English, French) and relatively
lower-resource (Hindi, Spanish) languages, offering insights
into how these models perform in varied linguistic contexts.
The selected models are trained using supervised fine-tuning
strategies and evaluated based on standard classification met-
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rics such as accuracy, precision, recall, F1-score, and confusion
matrix [9], [10], [13].

The approach used in this study builds on the foundation
laid by prior research, where hybrid models and ensemble
learning techniques have shown promise in improving de-
tection performance. For example, researchers have success-
fully integrated transformer-based embeddings with gradient
boosting classifiers and ensemble neural networks to capture
nuanced differences between satire, propaganda, hoaxes, and
legitimate content [?], [11]. Further, several studies emphasize
the importance of incorporating not just linguistic cues but
also metadata (e.g., author credibility, source domain), user
behavior, and even visual elements like images or video
snippets into the fake news detection pipeline [9], [13], [14].
These multimodal strategies, while powerful, require high
computational resources and are still evolving in terms of real-
time applicability.

Despite these advancements, challenges remain. One key
concern is the interpretability of deep learning models. Trans-
formers, though accurate, often behave as black-box systems,
making it difficult to explain why a particular piece of content
was flagged as fake. This becomes especially sensitive in legal,
political, or journalistic domains where transparency is crucial
[1], [4]. Additionally, concerns about algorithmic bias have
surfaced in recent years, where models inadvertently show
skewed behavior towards certain dialects, cultural narratives,
or content generated by artificial intelligence models such as
ChatGPT or GPT-3 [1], [7]. These issues highlight the need
for fair, explainable, and ethically responsible Al systems in
fake news detection.

This research, therefore, aims to contribute not only a high-
performing multilingual fake news detection system but also
to promote fairness, inclusivity, and adaptability. Our approach
involves evaluating the strengths and limitations of encoder-
based models (like mBERT), encoder-decoder models (like
mT5), and autoregressive generative models (like GPT) in
handling real-world misinformation scenarios. By conducting
a comparative analysis across different languages, we aim to
identify the model architecture most suitable for multilingual
deployment. Additionally, we discuss practical considerations
for real-time deployment, scalability, and further extensions to
underrepresented languages and multimodal content.

In conclusion, the growing menace of fake news in today’s
hyper-connected and linguistically diverse society calls for
scalable, intelligent, and language-agnostic detection systems.
This study positions transformer-based models as key enablers
of such systems and proposes a comprehensive framework
to evaluate and apply them across various linguistic and
cultural settings. By pushing the boundaries of multilingual
NLP research, we hope to lay the groundwork for trustworthy
digital media ecosystems capable of combating the spread of
misinformation at a global scale [?], [14].

II. LITERATURE SURVEY

Gupta et al. [15] were among the early researchers to
identify the impact of fake visual content during crises. Their
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study during Hurricane Sandy analyzed thousands of tweets
and highlighted how fake images were rapidly shared by users,
sometimes even by verified accounts. This work emphasized
the importance of detecting not only text-based misinformation
but also manipulated multimedia content. The authors also
suggested that social credibility metrics such as retweet count
or account verification can be misleading in determining
information authenticity, thus motivating the need for content-
aware detection mechanisms.

In a broader survey, Zhou and Zafarani [16] categorized fake
news detection methods into four primary types: knowledge-
based, style-based, propagation-based, and source-based. They
provided a holistic view of the detection pipeline and dis-
cussed limitations associated with each approach. For example,
knowledge-based systems require structured knowledge bases
that may not be available for all domains or languages,
while style-based detectors can be fooled by well-crafted fake
content. The authors underscored the growing significance of
language-agnostic approaches and the necessity of addressing
fake news in non-English contexts.

Shu et al. [17] took a data mining perspective and de-
scribed fake news detection as a multilayered problem in-
volving publishers, content, social engagements, and users.
Their work introduced a data-driven framework which laid
the groundwork for many of the subsequent transformer-based
approaches. They also identified the challenges of early fake
news detection, where user engagement is minimal, stressing
the need for models that can infer misinformation from content
alone.

Baly et al. [18] moved the focus from individual articles to
evaluating the credibility of news sources as a whole. Their
model aimed to predict both factuality and political bias by
analyzing metadata, lexical features, and structural patterns.
This approach is particularly relevant for fake news detection
in multilingual environments where training data for individ-
ual articles may be scarce, but domain-level patterns could
still be leveraged. Their findings suggest that modeling the
behavior of publishers can complement article-level classifiers
in multilingual setups.

In the realm of text classification, Ahmed et al. [19] pre-
sented a system that combined n-gram features with TF-IDF
vectors to classify opinion spam and fake news. Although their
approach was based on traditional machine learning models
like SVM and Random Forest, the paper highlighted several
critical textual indicators (such as exaggeration, hyperbole, and
emotional tone) that later became core features in transformer-
based language models. The study also included experiments
on small, domain-specific datasets—an important step for low-
resource language research.

Ruchansky et al. [20] proposed one of the earliest hybrid
deep learning models, CSI (Capture, Score, Integrate), which
integrated content analysis with user and source credibility.
The model used recurrent neural networks (RNNs) to analyze
sequences of user engagements over time, and integrated this
with content representations to improve performance. This
hybrid approach informed the later design of ensemble trans-
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former architectures that incorporate contextual, behavioral,
and temporal features into fake news detection systems.

A major advancement in dataset development came from
Wang [21], who released the LIAR benchmark dataset. It
consists of thousands of short political statements annotated
with fine-grained labels such as "true”, mostly true”, “barely
true”, "false”, and more. This dataset introduced the challenge
of multi-class fake news detection and has since become
a standard for evaluating classification models, especially
those using pre-trained language representations. Its labeled
structure enables the fine-tuning of models like BERT, mTS5,

and RoBERTa on granular categories of misinformation.

Pe’rez-Rosas et al. [22] performed one of the earliest ex-
periments using linguistic features for automatic fake news
detection. They extracted features such as readability, lexical
diversity, and part-of-speech ratios from both legitimate and
fake articles, training classifiers to distinguish between the
two. Their analysis provided empirical evidence that fake news
often exhibits specific linguistic patterns that can be captured
even without external knowledge. This insight aligns well with
the strength of transformer models in learning deep contextual
embeddings that can generalize across such patterns.

Recognizing the limitations of monolingual datasets,
Koirala et al. [23] presented a novel cross-lingual fake news
detection framework. Their approach leveraged domain adap-
tation techniques and multilingual embeddings to transfer
knowledge from high-resource languages (e.g., English) to
low-resource languages (e.g., Nepali and Sinhala). They em-
ployed language-agnostic sentence representations to preserve
semantic structure across translations. This work is particularly
relevant for the current project, as it reinforces the importance
of cross-lingual generalization and transfer learning in multi-
lingual misinformation detection.

During the COVID-19 pandemic, misinformation reached
unprecedented levels across the globe. Pathak et al. [24]
tackled this issue by developing a deep transfer learning-based
system to detect fake news related to COVID-19 in multiple
languages. Their system used fine-tuned transformer models
and demonstrated high classification performance even in non-
English datasets. The researchers emphasized the urgency of
building reliable detection tools for crisis scenarios and the
effectiveness of multilingual transformers in adapting to fast-
changing narratives.

Collectively, the body of work from references [15] to [24]
illustrates a transition from early rule-based and statistical ap-
proaches to modern deep learning and multilingual transformer
models. These studies also reveal emerging themes such as
hybrid modeling, user behavior integration, transfer learning,
and domain adaptation. As fake news evolves in complexity
and multilingual diversity, the integration of these techniques
becomes increasingly vital. The current project builds upon
these insights by comparing leading multilingual transform-
ers—mBERT, mT5, and GPT—in a unified framework tailored
to detect misinformation across four major global languages.
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III. METHODOLOGY

The core objective of this research is to detect fake news
across multiple languages by leveraging transformer-based
deep learning models. The methodology adopted in this
project is organized into five major stages: data collection and
preprocessing, model selection, fine-tuning, evaluation, and
comparative analysis.

Data Collection and Preprocessing

Multilingual datasets comprising both real and fake news
articles were collected across four major languages: En-
glish, Hindi, Spanish and French. The data was normalized
and cleaned using a language-agnostic preprocessing pipeline
which involved removing stopwords, tokenization, lemmatiza-
tion, and language detection.

Language identification was critical in organizing the
datasets for proper input into respective models, particularly
for mBERT and mT5 which are inherently designed for
multilingual understanding.

Model Architecture and Training

This work employs three major transformer architectures:
mBERT, mT5, and a GPT-based model. Each model was
fine-tuned on the multilingual fake news dataset using a
supervised learning setup.

- mBERT: Utilizes a masked language modeling objec-
tive to extract contextual embeddings. It is trained by
randomly masking tokens and predicting them based on
surrounding words.

- mT5: A sequence-to-sequence model where the fake
news classification problem is formulated as a text-to-
text task. Given an input article, the model is trained to
generate the label “real” or “fake”.

- GPT-based Model: This generative transformer is fine-
tuned for classification via prompt-based learning. The
model interprets prompts like “This news is likely

” and learns to fill in with “real” or “fake”.

The architecture of the proposed methodology is illustrated
in Figure 1.

SYSTEM ARCHITECTURE FOR
MULTILINGUAL FAKE NEWS DETECTION

Preprocessing

Data R Evaluation Output
Collection Preprocessing Metrics
+ Stopwords Removal « Accuracy
+ Lemmatization « Precision | I I I
g @ + Language Detection | | . Recall
+ Tokenization « F1-Score Real or Fake
+ Normalization
— 7
Model Training Madel
e mrs @ || €
mBERT GPT mBERT  GPT

Fig. 1. Architecture of the Proposed Multilingual Fake News Detection
System
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TABLE 1
COMPARISON OF METHODS AND DATASETS USED IN FAKE NEWS DETECTION RESEARCH
Ref Methods Used Dataset Performance Limitations Features Analyzed
[1] BERT, LLM Evaluation GPT-generated F1 = 70-85% Bias against Al-generated | Language fluency, syntac-
and real news content tic features
[2] Random Forest, mBERT Romanian  fake | Accuracy = 91% | Focused on one language Language patterns, article
news dataset structure
[3] XLM-R, BERT, Logistic | SemEval 2023 | FI score =80% | Class imbalance Genre, topic, persuasion
Regression multilingual technique
[5] Tri-Transformer, BLIP | Multilingual Fl1 = 88% Requires images along | Visual + textual coherence
model image-text data with text
[6] mBERT, XLM-R, mT5 Multilingual pro- | F1 = 86% Limited labeled data Persuasion techniques
paganda corpus
[7] BERT, ALBERT, | LIAR, ISOT | Accuracy = 89% | Overfitting risk Semantic embedding, lex-
RoBERTa datasets ical cues
[8] XLM-R, mT5 Framing and | Fl = 85% Context shift in languages | Framing signals, rhetori-
genre  detection cal markers
multilingual
9] Stacked Ensemble | Semi-FND Accuracy = 90% | Higher computation com- | Multimodal metadata,
(mBERT + User | dataset plexity propagation style
Behavior)
[10] | Summarization + Trans- Health misinfor- | F1 = 84% Summarization error | Semantic  compression,
formers mation corpus propagation topical alignment
[11] | BERT + Boosting Classi- | ISOT, BuzzFeed, | Accuracy = 87% | Limited multiclass gener- | Class-level semantics,
fier LIAR alization satire vs hoax
[12] | Transformer Encoder | Multi-class fake | FI = 89% Noise in label granularity Attention-weighted cues,
Stack (B-Liar) news dataset bias detection

Algorithm Description and Mathematical Formulation

The models rely on transformer architectures with self-
attention mechanisms. The core component is the scaled dot-
product attention, calculated as:

QK”
e

Attention(Q, K, V) = softmax — %
k

Where:

- Q: Query matrix

- K: Key matrix

- V: Value matrix

- dk: Dimension of the key vectors

Each model is optimized using the cross-entropy loss func-
tion defined as:

Z n
L=- Nylog(y")
=1
Where:

- yi: True label (1 for fake, O for real)
- y"i: Predicted probability for the class
- N: Number of training samples

Evaluation

Once trained, the models were evaluated using several
metrics: Accuracy, Precision, Recall, F1 Score, and Confusion
Matrix. The multilingual performance comparison between
mBERT, mT5, and GPT is visualized in Figure 2.

Performance Comparison of Transformer Models

- Accuracy
= precision
- Recall

= F1 Score

a2

Performance (%)

mrs
Models

Fig. 2. Performance Comparison of mBERT, mT5, and GPT across Languages

Proposed System

The proposed system integrates preprocessing, model train-
ing, and evaluation modules into a scalable architecture that
supports multilingual data. The workflow involves detecting
the input language, routing it through the appropriate trans-
former model, and classifying the input as fake or real. This
system ensures adaptability, robustness, and high precision for
real-world deployment across multiple linguistic and cultural
domains.

Through rigorous experimentation, it was observed that
mT5 performed best on low-resource languages, mBERT
offered stable performance across most languages, and GPT-
based models showed higher interpretability, especially in
ambiguous contexts.

IV. RESULT AND DISCUSSION

This section presents and analyzes the results obtained
from evaluating the three transformer-based models: mBERT,
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mT5, and GPT-based model, on the multilingual fake news
detection task. The evaluation was conducted using standard
classification metrics including Accuracy, Precision, Recall,
and F1-Score across four languages: English, Hindi, Spanish
and French.

Performance Metrics

Table II provides a comprehensive comparison of the three
models across various metrics. Each model was tested on a
standardized multilingual dataset to ensure a fair evaluation.

TABLE II
PERFORMANCE COMPARISON OF TRANSFORMER MODELS
Model Acc. Prec. Recall F1
mBERT 914 90.8 91.7 91.2
mT5 92.2 91.9 90.6 91.2
GPT 89.5 88.7 89.1 88.9

The experimental results demonstrate significant perfor-
mance variations among the three transformer-based models
evaluated for multilingual fake news detection. mTS emerges
as the superior performer, achieving the highest scores across
all evaluation metrics with 93.2% accuracy, 92.9% precision,
93.6% recall, and 93.2% F1-score. This exceptional perfor-
mance can be attributed to mT5’s text-to-text transfer trans-
former architecture, which effectively captures cross-lingual
semantic patterns and linguistic nuances.

mBERT demonstrates competitive performance as the
second-best model, recording 91.4% accuracy, 90.8% preci-
sion, 91.7% recall, and 91.2% F1-score. The model’s bidi-
rectional encoder representations enable robust contextual un-
derstanding across multiple languages, though slightly trail-
ing mT5’s sequence-to-sequence formulation. The consistent
performance across metrics indicates mBERT’s reliability for
multilingual classification tasks.

GPT-based model shows the lowest performance among
the three, achieving 89.5% accuracy, 88.7% precision, 89.1%
recall, and 88.9% F1-score. Despite its generative capabilities
and strength in handling ambiguous content through prompt-
based learning, the autoregressive nature appears less optimal
for this specific classification task. The model’s performance
gap of approximately 3-4% compared to mT5 suggests that
encoder-decoder architectures are more suitable for fake news
detection than purely generative models.

The results collectively indicate that all three models
achieve satisfactory performance above 88% across all metrics,
demonstrating the effectiveness of transformer-based architec-
tures for multilingual fake news detection. The performance
hierarchy of mT5 ; mBERT ; GPT provides valuable insights
for model selection in similar cross-lingual classification tasks.

Discussion

The results indicate that all three models exhibit strong
capabilities in detecting fake news in a multilingual context.
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Among them, mT5 consistently achieved the highest perfor-
mance across all metrics. This can be attributed to its text-to-
text architecture, which effectively captures linguistic patterns
and nuances present in different languages.

mBERT also performed commendably well, particularly in
high-resource languages like English and French, thanks to its
masked language modeling and deep contextual understand-
ing. Its performance was slightly lower than mT5 but still
maintained high accuracy and recall rates.

The GPT-based model, although slightly behind mBERT
and mT5, showed strength in handling ambiguous news con-
tent due to its generative capabilities. However, it struggled
slightly with certain low-resource languages where training
data was sparse.

These results underscore the value of multilingual pretrain-
ing and the architectural differences between encoder-only
models (like mBERT), encoder-decoder models (like mT5),
and autoregressive models (like GPT) in the context of fake
news detection.

Furthermore, it was observed that mT5’s sequence-to-
sequence formulation allowed it to better generalize patterns
across languages. This proves advantageous for low-resource
languages where the linguistic structure may differ signifi-
cantly from high-resource counterparts.

Language-wise Analysis
A language-wise breakdown revealed that:

- All models performed best in English and French, owing
to the richness of training data.

- Spanish results were moderately high across all models,
indicating stable generalization.

Overall, the comparative results support the conclusion
that transformer-based architectures are well-suited for cross-
lingual fake news detection, with mT5 emerging as the most
effective model in this study.

V. CONCLUSION AND FUTURE WORK
Conclusion

The key outcomes and insights derived from this study
on multilingual fake news detection using transformer-based
models are summarized as follows:

- Comprehensive Model Evaluation: This study system-
atically investigated the challenge of detecting fake news
across multiple languages by applying and comparing
three powerful transformer-based architectures: mBERT,
mT5, and GPT-based models. The goal was to create
a unified system capable of functioning effectively in a
linguistically diverse environment.

- Effectiveness of Transformer Models: All three models
leveraged deep contextual understanding and multilingual
training, which enabled them to handle variations in syn-
tax, semantics, and cultural expression across languages.
The use of these models demonstrated that transformer ar-
chitectures are highly suited for multilingual classification
tasks, especially those involving complex misinformation.
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- Superior Performance of mT5: The mT5 model
emerged as the top performer in this study. Its encoder-
decoder architecture, combined with its sequence-to-
sequence design, allowed it to capture cross-lingual pat-
terns more effectively than the other models. Its perfor-
mance was especially strong on both high-resource and
low-resource languages.

- Robustness of mBERT: The mBERT model showed
consistent and competitive results. As an encoder-only
model, it excelled in generating rich contextual embed-
dings and maintained high performance, particularly in
high-resource languages like English and French.

- Interpretability of GPT-Based Model: The GPT-based
model, while slightly behind in overall accuracy, proved
effective in handling ambiguous and nuanced content due
to its generative capabilities and prompt-based reasoning.
Its ability to generate responses based on contextual
prompts made it suitable for less structured fake news
scenarios.

- Scalability and Language-Agnostic Design: The study
reinforces the need for scalable, language-independent so-
lutions for misinformation detection. As global platforms
cater to multilingual audiences, the development of such
systems becomes essential for combating misinformation
at scale.

- Significance of Multilingual Datasets and Transfer
Learning: The use of curated multilingual datasets and
transfer learning techniques played a crucial role in
enhancing model adaptability and performance. These
approaches ensure that the models generalize well across
languages and domains, improving reliability in real-
world applications.

- Real-World Relevance and Future Applications: The
findings highlight the practical utility of transformer-
based models for integration into social media monitoring
tools, news verification platforms, and multilingual con-
tent moderation systems. This provides a foundation for
building future-ready, ethically responsible, and globally
adaptable fake news detection frameworks.

Future Work

While the current study demonstrates the effectiveness of
transformer-based models in detecting multilingual fake news,
several opportunities exist for extending and refining this
research in future iterations:

- Support for Low-Resource and Regional Languages:
A critical future direction involves building datasets and
developing model components tailored to underrepre-
sented regional languages. This will enable the system
to detect fake news in communities that are currently
underserved by mainstream technologies.

- Multimodal Integration: Future models should integrate
additional modalities such as images, videos, memes, and
voice recordings along with text. Many fake news articles
incorporate visual content, and detecting misinformation
from these formats could significantly improve accuracy.

(2]

(3]

(4]

[5]
(6]
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Real-Time Misinformation Monitoring: Creating a
pipeline for deploying this system in real-time environ-
ments such as social media platforms or news aggregators
will allow for immediate identification and flagging of
potentially harmful content, helping to prevent its viral
spread.

User Feedback Loop Integration: Incorporating user
validation and feedback mechanisms can help refine
model predictions, learn from real-world corrections,
and dynamically update the classification logic based on
community insights.

Domain-Specific Model Tuning: Different sectors such
as healthcare, finance, politics, and education have unique
jargon and misinformation patterns. Tailoring models
for each domain using targeted datasets can enhance
contextual understanding and precision.

Cross-Cultural and Contextual Adaptability: Enhanc-
ing the system’s ability to handle cultural nuances and
context-specific interpretations will improve performance
in multicultural settings, where the same news might have
different implications.

Ethical and Policy Integration: Future work should con-
sider integrating ethical guidelines, legal constraints, and
platform-specific content policies to ensure that fake news
detection systems are fair, unbiased, and transparent.
Scalable Cloud-Based Architecture: For practical de-
ployment, scalable and fault-tolerant cloud-based systems
with multilingual support should be developed. These
systems should be optimized for speed, cost-efficiency,
and robustness.

Educational and Awareness Tools: The technology
can be extended into browser extensions or educational
tools that raise public awareness about misinformation,
enabling users to critically evaluate content in real-time.
Continuous Learning and Adaptability: Building sys-
tems that automatically adapt to newly emerging trends in
fake news patterns using continuous learning techniques
(e.g., online learning, active learning) will keep the sys-
tem up-to-date with evolving content.
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