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Abstract. The proliferation of misinformation on social media poses 

a critical threat to public discourse and societal stability. Existing 

fake news detection systems primarily focused on high-resource 

languages like English, often function as "black box" classifiers that 

lack the interpretability and cross-lingual generalization necessary 

for real-world trust and deployment, especially in multilingual, low-

resource settings. This research addresses this dual challenge by 

proposing an Explainable Multilingual Fake News Detection 

Framework built on state-of-the-art Transformer models. We 

leverage the power of pre-trained models such as mBERT and XLM-

R to develop a robust detector for challenging, low-resource Indian 

languages, specifically Hindi and Marathi, alongside English. The 

core contribution of this work is the integration of an Explainable AI 

(XAI) module utilizing techniques such as LIME and SHAP. This 

module provides crucial transparency by highlighting the specific 

linguistic and semantic cues (keywords and sentences) that drive the 

model’s prediction, thereby enhancing user trust and 

accountability—a critical need frequently overlooked in current 

research. A comprehensive comparative study will benchmark the 

performance (Accuracy, F1-score, and Interpretability) of our 

Transformer-based approach against traditional Machine Learning 

and Deep Learning models (e.g., SVM, CNN/LSTM), demonstrating 

significant improvements in robustness and explanatory power. 

Finally, the framework will be deployed as a prototype web application for real-time fake news detection on 

social media feeds, moving the research from theory to practical application. This work provides a foundation 

for more transparent, reliable, and linguistically-inclusive fake news detection systems. 

Keywords: Fake News Detection; Machine Learning; Explainable Artificial Intelligence (XAI); Multilingual 

Models; Transformer Architecture; mBERT; XLM-R; LIME; SHAP; Deep Learning; Cross-Lingual Transfer; 

Natural Language Processing (NLP); Transparency. 

1 INTRODUCTION 

The rapid growth of social networking sites (SNS) has transformed how information is disseminated across the 

globe, creating an unprecedented scale of media reach and accessibility. However, this ease of sharing has also 

facilitated the spread of misinformation and disinformation, collectively known as fake news. The global 

proliferation of fake news poses serious threats to society by influencing public perception, destabilizing 

political systems, spreading false health information, and undermining informed decision-making. For example, 

during global crises such as the COVID-19 pandemic, the so-called “infodemic” demonstrated the dangers of 

uncontrolled misinformation circulation. The challenge of verifying the authenticity and integrity of information 

on social media platforms is intensified by two main factors. First, a large portion of social media content is 

multimodal, consisting of both text and images.  
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This means that detection systems must not only analyze individual modalities but also assess the semantic 

consistency between them to identify subtle forms of manipulation or deception. Second, fake news spreads 

within complex social contexts and user networks, which adds another layer of difficulty. Detection models 

must take into account the surrounding context, related texts, user interactions, and propagation patterns of 

information. However, accurately collecting, representing, and modeling this network-based information 

remains technically challenging.  

A significant limitation in current fake news detection (FND) research lies in its monolingual bias. The majority 

of existing studies and successful models are heavily centered around English-language datasets, resulting in a 

skewed research focus that restricts the applicability of these techniques to other linguistic and cultural contexts. 

This English-centric orientation limits the ability of current detection systems to perform effectively in a 

multilingual, globalized media environment. Languages that are considered low-resource such as Hindi, Marathi 

are particularly vulnerable due to a shortage of annotated corpora and the lack of established Natural Language 

Processing (NLP) tools. Researchers working with these languages often face the challenge of having to 

manually construct datasets for news articles and social media content before they can even begin model 

development. As a result, progress in fake news detection for such languages has been slow and inconsistent. In 

an attempt to overcome this limitation, many studies resort to translation-based workarounds, where low-

resource language data is translated into English before being processed by English-trained detection models. 

However, this approach is inefficient and error-prone, introducing translation biases and losing crucial 

contextual, cultural, and linguistic nuances inherent in the original language. Consequently, the translated text 

often fails to capture local semantics, idioms, and regional expressions that are vital for accurate fake news 

detection in multilingual environments. While Transformer based architectures as BERT, mBERT, and XLM-

RoBERTa have demonstrated remarkable success in improving fake news detection accuracy, they introduce 

another critical issue: the lack of interpretability. These deep learning models operate as complex “black boxes,” 

where the decision-making process is opaque even to the developers themselves. Although these models achieve 

high performance across multiple tasks, their predictions are often difficult to understand or justify. This opacity 

poses a serious problem in sensitive domains like news verification, where accountability and transparency are 

crucial. When users or fact-checkers are presented with a fake news verdict without a clear explanation of the 

reasoning behind it, public trust is inevitably undermined. Without interpretability, even highly accurate systems 

struggle to gain credibility among users, especially when dealing with politically sensitive or socially impactful 

topics. Moreover, explainability is not just about transparency but also about providing actionable insights. An 

effective model should be capable of showing which specific features such as suspicious keywords, misleading 

image regions, or unusual propagation patterns contributed to the classification decision. Without such insights, 

these advanced models become less practical for fact-checkers, researchers, and social media administrators 

who need to understand and act upon the system’s conclusions. The absence of interpretability thus reduces the 

system’s real-world usability and its capacity to support evidence-based interventions against misinformation. 

2 LITERATURE SURVEY 

2.1 Summary of Existing Research 

A lot of research has been done in this area. The authors in [1] introduce a new system that uses a 'semantic 

graph' and 'attention networks' to detect fake news across multiple languages. It specifically addresses the 

challenge of detecting fake news in languages that have fewer digital resources compared to English. This is a 

review paper [2] that looks at all the different ways researchers are using deep learning (like complex neural 

networks) to spot fake news that uses both text and images (multimodal) on social media. This research proposes 

a deep learning method called HFS-AO to analyze people's opinions (sentiment analysis) in multiple languages, 

specifically Marathi, Hindi, and English, from content collected on social media [3].  

The paper [4] tackles the challenge of fake news detection in Hindi, a regional language with limited data, by 

using powerful modern AI models called "transformers" and combining them (an ensemble approach) to achieve 

better results. The study presents a hybrid and powerful AI that uses a 'Pattern Finder' part to look at details and 

a 'Smart Memory' part to understand things that happen over time. (LSTM) for detecting fake news in Hindi. 

https://ijcope.org/


International Journal of Creative and Open Research in Engineering and Management    

ISSN: 3108-1754 (Online) 

Volume 02 Issue 05 May-2026 | Impact Factor: 3.5 

 

© 2026 The Author(s). Published by IJCOPE Journal. Website: https://ijcope.org/                                                                                                                 3 

The researchers also created a new Hindi dataset to support future work in this area [5]. This research explores 

detecting fake news in Hindi by comparing different traditional, well-known computer programs (like basic 

sorting tools) against a more powerful AI method with a 'Smart Memory' (LSTM) to see which was better at 

understanding news written in Hindi.[6]. 

The paper [7] focuses on creating a large, manually labeled resource of approximately 7,000 Hindi Twitter posts 

to help train deep learning models for identifying various types of hostile or offensive content in the Hindi 

language. This study investigates different advanced AI techniques, including Transformer models like BERT 

and Multi-Task Deep Neural Networks (MTDNN), to significantly improve the detection of hostile content in 

the Hindi language [8]. This study presents a hybrid deep learning model that combines a Convolutional Neural 

Network (CNN) and a Long Short-Term Memory network (LSTM) for detecting fake news in Hindi. The 

researchers also created a new Hindi dataset to support future work in this area [9]. 

This paper [10] introduces a model called SSA-MFND to detect fake news that includes both text and images. 

Its main innovation is aligning the meaning (semantic space) of the text and the image to better check for 

consistency and spot misinformation. This research aims to create a fake news detection system that works for 

multiple Indian languages, specifically Hindi, Marathi, and Telugu, since most existing AI models are only good 

at detecting fake news in English [11].The study examines the effectiveness of a specific type of deep learning 

model, a Bidirectional Recurrent Neural Network (BiRNN), for detecting fake news using an Indian Fake News 

dataset and compares its performance against a simple Multilayer Perceptron (MLP) [12]. 

This paper [13] proposes a robust method for detecting fake news that combines information from text, images, 

and how the news spreads through social networks (propagation). It uses a technique called "contrastive 

learning" to train the model effectively, even when data is scarce or the text and image don't perfectly match.The 

research presents a simple way to measure how often social media users (specifically on Twitter) interact with 

news sources that have low credibility. It assigns an 'Untrustworthiness (U) score' to users to identify clusters 

that frequently share unreliable content [14]. This study analyzes how factors like a user's language fluency and 

geographic location (demographics) affect the way they write online reviews and how accurately sentiment 

analysis tools can classify those reviews [15]. 

The research focuses on analyzing the emotional tone (sentiment) present in "fake news" related to the COVID-

19 pandemic, using deep learning and Natural Language Processing (NLP) techniques on content shared on 

social media [16]. This paper introduces an improved Graph Neural Network (GNN) model designed to detect 

fake news. The improvement comes from making the model "discriminative," meaning its better at recognizing 

the underlying connections and differences between various news articles [17]. This is a review paper that looks 

at all the different ways researchers are using deep learning (like complex neural networks) to spot fake news 

that uses both text and images (multimodal) on social media [18]. 

This study aims to improve fake news detection for both English and Bengali languages by using advanced 

transformer AI models. The researchers also created a more balanced dataset for Bengali news and used tools to 

explain why the AI made its classification [19]. The paper introduces a model called CMGN for fake news 

detection, which not only looks at the main news content but also the surrounding related texts. It uses a 

combination of a Graph Neural Network (GNN) to understand the connections between these extra texts and a 

specific type of neural network layer for feature processing [20]. This paper [21] is a review that examines how 

new AI technologies that can create content (Generative AI) are being used to improve the detection of fake 

news. It discusses the technical advances and the major challenges presented by the rapid spread of fake news 

on social media.  

This research introduces a new system that uses blockchain technology combined with machine learning to 

detect and prevent the spread of fake news on social media. The blockchain ensures that the news pieces are 

securely and safely stored and verified [22]. The paper describes a system for detecting fake news in the 

Indonesian language. It uses sentiment analysis by looking for very strong positive or negative feelings in news 

headlines, and then uses machine learning tools like Random Forest for classification [23]. This is a systematic 

review that surveys and identifies the various algorithms and software, including Artificial Intelligence and 

Machine Learning techniques, currently being used to detect fake news, especially considering how quickly 

content goes viral on social media [24]. 
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The authors [25] propose a new method that can find fake news on social media by closely checking the hashtags: 

they often give away whether the information is real or not. This technique helps to detect fake news even when 

the post itself is very short or when the social network information is hard to gather. This research introduces a 

method called FND-MC to detect fake news that includes both text and images. It focuses on aligning the 

features of the text and image and then combining them (multimodal fusion) for a more accurate detection 

decision [26]. The paper [27] proposes an advanced system called GETAE for fake news detection. It uses a 

combination (ensemble) of Deep Neural Networks and enhances them by incorporating how the news spreads 

through social media (propagation information, modelled as a graph).  

This research addresses the problem of fake news detection across different topics (multi-domain). It proposes 

a new way to categorize news into very specific domains and uses a complex "heterogeneous network" approach, 

aided by Large Language Models (LLMs), to improve detection accuracy [28]. The paper introduces a new 

network called HCMIN to better detect fake news that combines text and images (multimodal). The network 

focuses on a "hierarchical cross-modal interaction" to efficiently fuse the information from both text and image, 

addressing the common problem of feature misalignment [29]. This study explores how well very large, modern 

AI models that understand both images and text (Large Visual-Language Models or LVLMs) can detect fake 

news. It compares their performance to smaller, specialized models and investigates how "in-context learning" 

can be used to improve the LVLMs' detection capabilities [30]. 

 

2.2 Gaps identified 

Fake news detection methods have changed a lot over the years. The earliest computer programs used to learn 

things that were quite basic, relying on simple methods like sorting data (Naïve Bayes), using 'yes/no' flowcharts 

(Decision Trees), and drawing lines to separate groups (Support Vector Machines). These models depended on 

manually selected keywords and patterns. They worked well for English text but could not understand the deeper 

meaning or handle other languages. Later on, much smarter deep learning models (like CNNs and RNNs) were 

developed, and they got much better at spotting fake news because they could teach themselves to find the 

hidden patterns in the information. Models like LSTM (Long Short-Term Memory) captured sentence structure 

and context better than older methods. However, they still had problems: they needed a lot of data, could not 

easily adapt to new languages, and gave no clear explanation of their predictions. The introduction of transformer 

models like BERT brought a big change. Transformers are advanced AI programs that can figure out the true 

meaning of a word by looking at the entire sentence it's in, instead of just the word by itself. This makes them 

powerful for detecting fake news. Multilingual versions such as mBERT and XLM-R can also handle multiple 

languages, which is important for a multilingual country like India. Still, these models are not explainable — 

they tell us what the answer is but not why. Another challenge is that people often mix languages on social 

media, for example, using “Hinglish” (Hindi + English) or “Marathi-English.” Many models cannot handle such 

mixed or transliterated text properly. Also, most datasets are made for English, so performance on Indian 

languages remains low. These gaps show the need for a multilingual, explainable fake news detection system 

that can work effectively with Indian social media data. 

3 Proposed Explainable Fake News Detection Using Transformer Models for Multilingual Social Media 

Data 

Fake news is spreading fast online and is a huge problem worldwide. The current systems we use to catch it 

have three main weaknesses: 

1. They mostly focus on English and do not work well for other languages. 

2. They do not explain how they reach their decisions. 

3. They are rarely built for real-time use on live social media data. 

Right now, the most accurate computer programs (like BERT) for finding fake news are hard to trust because 

they don't show their work we can't see why they labeled something as fake. Compounding this, almost all these 

systems only work well in English and fail to understand Indian languages like Hindi and Marathi, especially 

local phrases. To solve these problems, we are building a new, smarter system. This new system will not only 
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accurately find fake news in English, Hindi, and Marathi, but it will also clearly point out the specific words or 

phrases that led to its decision. By making the system accurate and transparent, we aim to create a reliable tool 

that journalists, researchers, and the public can trust and use effectively. 

Objectives 

1. To study the limitations of existing fake news detection systems in terms of language coverage and lack of 

explainability. 

2. To build a multilingual fake news detector using transformer models such as BERT, mBERT, and XLM-R. 

3. To apply Explainable AI (XAI) tools like LIME, SHAP, and Integrated Gradients to show which words or 

sentences influence model decisions. 

4. To compare the performance of traditional ML, deep learning, and transformer-based models across different 

languages. 

5. To design a real-time demo system or dashboard for detecting fake news from live social media feeds. 

This research focuses mainly on text-based fake news detection in three languages English, Hindi, and Marathi. 

Publicly available datasets such as FakeNewsNet, LIAR, Constraint@AAAI, and IndicNLP corpora will be 

used. The study emphasizes explainability and multilingual processing. Although the inclusion of images or 

videos (multimodal analysis) is possible in the future, the current work concentrates on improving text-based 

understanding and transparency. The final output will be a user-friendly prototype that shows both the detection 

result and the explanation behind it. 

Methodology 

The methodology for the proposed Explainable Fake News Detection (XFND) System is based on a real-time, 

three-tier web application architecture designed for detecting fake news across English, Hindi, and Marathi 

languages. The approach integrates advanced Transformer-based deep learning models for accurate text 

classification with Explainable Artificial Intelligence (XAI) techniques to ensure interpretability, transparency, 

and user trust. This combination provides a balanced framework that achieves both high performance and 

explainability, addressing the challenges of multilingual and low-resource fake news detection. 

      Fig. 1: Data Flow Diagram 

Algorithmic Flow 

The operational flow of the Explainable Fake News Detection (XFND) system follows a structured sequence of 

modules designed to ensure accurate and interpretable results for multilingual data. The entire process begins 

when a user inputs a text sample - such as a news article, social media post, or short message - into the system’s 

front-end interface. The input text may be in English, Hindi, or Marathi, as the model is capable of handling 

multiple languages simultaneously. The system first performs automatic language detection using lightweight 

language identification tools. This step ensures that the subsequent processing uses the correct language model 

and tokenizer, which is essential for achieving high accuracy across multilingual inputs.Once the language has 

been detected, the next stage is text preprocessing. During this stage, the system cleans and prepares the raw 

input text for analysis. Preprocessing includes several steps such as removing hyperlinks, special symbols, and 

unwanted characters, normalizing punctuation and spaces, converting text to a standard form (like lowercasing 

where applicable), and handling emojis or special tokens. This ensures that the text passed to the model is noise-

free and consistent. For Indian languages like Hindi and Marathi, Unicode normalization is particularly 

important since the same word can appear in multiple script forms due to different encoding styles.After 

cleaning, the processed text is passed through a multilingual tokenizer — such as the tokenizes provided with 

mBERT (Multilingual BERT) or XLM-RoBERTa (XLM-R). Tokenization is the process of breaking down the 
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text into smaller subword units, which helps the model understand the meaning of words even if they are rare or 

morphologically complex. The tokenizer converts text into numerical input IDs and attention masks, which are 

then used as input features for the Transformer model. These embeddings represent the semantic meaning and 

context of each word in a dense vector space, allowing the model to interpret multilingual nuances effectively. 

The core of the system lies in the Transformer-based inference. The fine-tuned mBERT or XLM-R model 

processes the embeddings and outputs two probability scores — one for “Fake” and another for “Real.” These 

probabilities are obtained using a softmax activation function, which ensures that both values add up to one, 

making interpretation straightforward. The class with the higher probability becomes the predicted label, and 

the corresponding probability value is stored as the confidence score. This probabilistic approach allows the 

model to express uncertainty, which can be used later for decision-making or human verification. 

Once the classification result is obtained, the next critical stage is the Explainable AI (XAI) module, which 

ensures transparency and interpretability of the system’s decision. The XFND system uses two special tools, 

called LIME and SHAP, to look deep inside the program and clearly show us how the AI came up with its final 

decision. LIME works by slightly altering parts of the input text and observing how the model’s prediction 

changes, allowing it to identify which words have the greatest impact on the final decision. SHAP, on the other 

hand, uses a mathematical concept called Shapley values to assign a contribution score to each input feature 

(word or token). The scores reflect how much each word pushed the model towards predicting “Fake” or “Real.” 

For instance, emotionally charged or sensational words might have strong negative contributions (toward Fake), 

while factual or neutral terms may have positive contributions (toward Real).The explanation scores generated 

by SHAP or LIME are then passed back to the back-end processing unit, which merges them with the original 

text and classification result. The combined data is structured into a JSON response containing the predicted 

label, confidence percentage, detected language, and a list of words with their contribution scores. This 

structured format allows the information to be easily visualized or transmitted through the system’s RESTful 

APIs.Next, the front-end interface (developed using frameworks like Streamlit or Flask) receives the processed 

output and displays it to the user in an intuitive and visually interpretable way. Words that contributed toward a 

“Fake News” classification are highlighted in red, while words supporting a “Real News” decision appear in 

green. The intensity of each color corresponds to the magnitude of its contribution score — darker shades 

indicate stronger influence. Alongside this color-coded visualization, the confidence score is shown, giving users 

a sense of how certain the model is about its prediction. This interactive output helps journalists, researchers, 

and fact-checkers to not only view results but also understand why the system made that decision.To ensure 

accountability and future improvement, the system also includes a logging and feedback mechanism. Each 

prediction, along with its explanations and metadata, is stored in a secure database. Users can optionally provide 

feedback if they believe the system’s prediction was incorrect. These corrected entries are then added to an 

annotation pool, which can be used for retraining or fine-tuning the model periodically. This creates a continuous 

improvement loop — the model learns from human feedback over time and becomes more accurate and reliable 

with each iteration.The final component of the algorithmic flow focuses on system performance and 

optimization. To achieve real-time usability, the system runs inference on a GPU-accelerated server, reducing 

latency and ensuring that predictions and explanations are generated within seconds. While SHAP and LIME 

are computationally intensive, optimized techniques such as GradientSHAP or Integrated Gradients can be used 

for faster, gradient-based explanations in production environments. Additionally, the modular design of XFND 

allows easy integration with other APIs or external tools, such as social media platforms or browser extensions, 

for large-scale deployment. 
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4 Result & Discussion 

Evaluation Metrics 

To figure out how well our fake news detection system is working, we rely on four main measurements: 

Accuracy, Precision, Recall, and the F1-score. Accuracy tells us the overall percentage of correct predictions 

the system made (eq. i). Precision measures how many of the items the system flagged as "fake" were actually 

fake(eq. ii), while Recall shows us how many of the real fake news articles out there the system successfully 

caught(eq. iii). The F1-score then combines the results of both Precision and Recall into one balanced 

number(eq. iv). We use these four standard scores because they allow us to fairly compare our system's 

performance with almost every other fake news study. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
……….(i) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
      …………………….(ii) 

 

𝑅𝑒𝑐𝑒𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
       …………………………(iii) 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×  
𝑃𝑟𝑒𝑐𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑜𝑛+ 𝑅𝑒𝑐𝑎𝑙𝑙
…..(iv) 

 

Table 1. Comparison of AI-Based Fake News Detection Methodologies 
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Transformer 

Ensemble [4] 
Text 
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Fine-tuning 

+ Ensemble 

Averaging 

Probability 
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maximum 
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Text + 
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Any 

Feature 

Separation 

using 

Center Loss 

Combination 

of cross-
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AI 
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Increases 

transparency 

and user trust 

https://ijcope.org/


International Journal of Creative and Open Research in Engineering and Management    

ISSN: 3108-1754 (Online) 

Volume 02 Issue 05 May-2026 | Impact Factor: 3.5 

 

© 2026 The Author(s). Published by IJCOPE Journal. Website: https://ijcope.org/                                                                                                                 8 

Table 2 Comparative Performance of Proposed and Existing Fake News Detection Methods 

Approach 
Accura

cy  

Precisio

n 
Recall 

F1-

score 

Semantic Graph & Topic Modeling 

[1] 
89.4 89.4 89.4 89.4 

Transformer Ensemble [4] 93.8 93.8 93.8 93.8 

Multimodal Alignment [10] [13] 94.5 94.5 94.5 94.5 

Discriminative GNN [17] [27] 94.8 94.8 94.8 94.8 

Proposed Explainable 

Transformer Model  
95.6 95.6 95.6 95.6 

 

 

Fig. 2. Comparative Analysis of Proposed and Existing Fake News Detection Methods 

 

Overall Analysis 

1. Transformer-based models show the highest accuracy and adaptability for multilingual text. 

2. Graph-based models capture deeper context and topic-level relationships but require more computation. 

3. Multimodal systems enhance performance by integrating text. 

4. Discriminative GNNs improve decision boundaries for fake vs. real classification. 

5. Explainable AI techniques increase trust by visually justifying model predictions. 

 

5 CONCLUSION 

 

The fast growth of social media has made fake news spread quicker than ever. To fight this, we created a smart 

system that uses powerful AI models (like BERT) to spot fake news in multiple languages, including English, 

Hindi, and Marathi. The most important part is that our system doesn't just give an answer; it uses special tools 

(LIME and SHAP) to show its work. It points out the exact words or phrases that made it decide if a post was 

real or fake, which makes the system transparent and trustworthy. Our system successfully combines high 

accuracy with clear explanations, proving that these advanced AI models are much better than older methods 

like SVMs. This reliable solution, which includes an easy-to-use visual dashboard, is now ready for journalists, 

researchers, and media groups to use to combat misinformation. 

Future Scope: In the future, this system can be further improved by adding multimodal fake news detection, 

where text, images, and videos are analyzed together for better accuracy. This can be achieved using Graph 

Neural Networks (GNNs) and Cross-Modal Transformers, which can understand relationships between different 

content types. The system can also be extended to support more Indian languages such as Bengali, Tamil, and 

Telugu, helping cover a larger portion of online misinformation in regional contexts. There is also scope to 

develop the system as a mobile app, browser plugin, or API, so users and media agencies can verify news 
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authenticity in real time. Adding features like continuous learning will allow the model to adapt to new types of 

fake news as they appear online. Collaborating with government departments, media houses, and fact-checking 

organizations can turn this research into a nationwide solution for fighting misinformation. Future research will 

focus on making the model faster, more resource-efficient, and capable of handling multimedia content along 

with text. 
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