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Abstract - The rapid spread of misinformation on digital platforms poses a significant threat to societal stability and 

democratic discourse. This paper proposes an artificial intelligence (AI)-driven framework for fake news detection, 

sentiment analysis, and truth verification. The model integrates transformer-based natural language processing 

(NLP) architectures with graph-based pattern recognition to distinguish factual content from fictitious narratives. We 

also introduce a novel hybrid model combining contextual embeddings and graph topology learning to identify 

emerging patterns in information dissemination. 
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1. Introduction 
The proliferation of social media and online news 

platforms has created an ecosystem where misinformation 

spreads faster than verified information. Traditional rule-

based detection systems fail to adapt to the dynamic and 

linguistic variations of online discourse. Recent advances in 

artificial intelligence, especially transformer-based NLP 

models like BERT and RoBERTa, have enabled contextual 

understanding of news semantics. However, sentiment-

driven misinformation and coordinated misinformation 

campaigns require more than text-based classification which 

requires relational and network-based reasoning. 

 

2. Related Work 
Previous studies have leveraged various machine 

learning techniques for misinformation detection, ranging 

from logistic regression and SVMs to deep learning methods 

such as CNNs and LSTMs. With the advent of transformers, 

models like BERT, RoBERTa, and XLNet have 

demonstrated superior performance in detecting fake content 

through contextual embeddings. Graph-based approaches, on 

the other hand, have been employed to study propagation 

patterns, community clustering, and user influence dynamics. 

Few works, however, effectively integrate semantic and 

relational information into a single unified framework. 

 

3. Proposed Hybrid Model 
We propose a novel hybrid architecture for fake news 

detection and sentiment-based truth verification, termed 

TransGraphNet. This model integrates the strengths of 

transformer-based contextual language understanding with 

graph-based relational reasoning, enabling a deeper and more 

reliable analysis of misinformation patterns across digital 

platforms. 

 

TransGraphNet operates through a two-stage processing 

pipeline: 

 

3.1. Stage 1 -Transformer-Based Semantic Understanding 

In the first stage, a fine-tuned transformer model such as 

RoBERTa, DeBERTa, or any modern large language 

modelextracts rich contextual embeddings from diverse 

textual sources including news articles, social media posts, 

replies, and comment threads. These embeddings capture 

semantic cues, linguistic inconsistencies, sentiment polarity, 

and writing-style anomalies that often correlate with 

fabricated or manipulative content. 

 

3.2. Stage 2 - Graph Neural Network (GNN) Pattern 

Reasoning 

In the second stage, the system constructs a 

heterogeneous information graph. 

Here: 

 Nodes represent users, articles, claims, hashtags, 

and topics. 

 Edges encode interactions such as shares, retweets, 

comments, co-occurrences, or temporal 

relationships. 

 

A Graph Neural Network (GNN) is then applied to this 

structure to learn propagation patterns and network behaviors 

characteristic of misinformation. This includes: 

 Clusters of coordinated or automated accounts 

 Unusual diffusion paths 

 Polarized sentiment communities 
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 Rapid amplification patterns linked to botnets or 

troll networks 

 

By combining linguistic intelligence from transformers 

with relational intelligence from GNNs, TransGraphNet can 

detect fake news not only from the content itself but also 

from its behavioral footprint within the network. This dual-

layer approach significantly enhances robustness against 

sophisticated misinformation strategies that may evade text-

only models. 

 

 
Fig 1: Transgraphnet Architecture for Semantic 

Understanding and Graph-Based Analysis 

 

4. System Architecture 
The proposed system architecture integrates data 

collection, preprocessing, NLP-based embedding extraction, 

sentiment analysis, graph construction, and a hybrid 

classification pipeline into a unified framework for detecting 

fake news and verifying truthfulness. 

 

 
Fig 2: AI-Based Fake News Detection and Sentiment 

Analysis System 
   

4.1. Data Collection and Ingestion Layer 

Data is gathered from multiple online sources such as 

social media platforms, digital news outlets, comment 

streams, and user interaction logs. This multi-source 

collection enables the system to capture both the textual 

content and the behavioral patterns associated with how 

information spreads across the network. Metadata such as 

timestamps, user identifiers, hashtags, source credibility 

scores, and engagement metrics (likes, shares, retweets, 

replies) is also extracted to support deeper downstream 

analysis. 

 

4.2. Preprocessing and Normalization 

Once collected, the raw data undergoes a comprehensive 

normalization pipeline. Text samples are cleaned through 

tokenization, stop-word removal, punctuation filtering, and 

noise reduction. A language detection module identifies the 

primary language of the content, enabling translation or 

language-specific tokenization where necessary. Additional 

steps, such as lemmatization and handling slang or 

abbreviations, ensure consistent and high-quality textual 

input for the transformer layer. 

 

4.3. Transformer-Based Embedding Extraction 

The cleaned text is processed by a fine-tuned 

transformer model that generates context-rich semantic 

embeddings. These embeddings capture nuanced linguistic 

signals such as tone, writing style, emotional cues, semantic 

coherence, and potential deception markers. This step 

provides a deep language-level understanding that serves as 

the foundation for both fake news classification and 

sentiment analysis. 

 

4.4. Sentiment Analysis Module 

Parallel to semantic embedding extraction, a sentiment 

analysis component evaluates the emotional polarity and 

intensity of the content. This is essential for identifying 

sentiment-driven misinformation, polarized discussions, or 

artificially amplified emotional narratives commonly found 

in fake news campaigns. 

 

5. Graph Construction and Relational Feature 

Learning 
While the NLP components analyze textual content, the 

system simultaneously constructs a heterogeneous 

information graph using a social relationship matrix. This 

graph models: 

 User–user interactions (follows, mentions, replies) 

 Content propagation over time (shares, retweets, 

cross-posts) 

 Topic and hashtag co-occurrence patterns 

 Sentiment correlations between clusters of users 

 

Graph neural networks (GNNs) operate on this structure 

to learn patterns of coordinated behavior, rapid diffusion, or 

network abnormalities that are often strong indicators of 

misinformation. 

 

6. Hybrid Fusion and Truth Verification 
The final stage of the architecture combines the outputs 

from both the transformer-based NLP module and the graph-

based reasoning module. The two feature sets, semantic 

embeddings and graph relational vectors are concatenated 

and fed into a truth verification classifier. This classifier 

performs joint reasoning across linguistic content and social 



Balraj Adhana / IJAIDSML, 6(4), 193-195, 2025 
 

 
195 

propagation patterns, enabling robust detection of fake news 

even when the text alone appears legitimate. 

 

This hybrid approach significantly enhances the 

reliability and interpretability of misinformation detection, 

providing a comprehensive model that understands what is 

being said, how it is being shared, and who is spreading it. 

 

7. Experimentation and Results 
The hybrid TransGraphNet model was evaluated using 

benchmark datasets such as LIAR, FakeNewsNet, and 

PHEME. Results demonstrate a 7–12% increase in F1-score 

over baseline transformer-only models. The integration of 

sentiment-weighted graph embeddings improved the 

detection of coordinated misinformation clusters. 

Additionally, pattern analysis revealed recurring narrative 

motifs across false stories, enabling proactive identification 

of emerging misinformation themes. 

 

Table 1: Performance Comparison of Baseline and 

Advanced Models 

Model Accuracy (%) F1-Score 

BERT (Baseline) 88.3 86.9 

RoBERTa + Sentiment 90.1 88.7 

Proposed TransGraphNet 94.5 93.2 

 

Building on these results, a deeper performance analysis 

was conducted to understand how each subsystem within 

TransGraphNet contributes to overall accuracy and 

robustness. The experiments show that the hybrid 

architecture not only improves classification metrics but also 

enhances the model’s ability to generalize across diverse 

misinformation domains.  

 

For instance, cross-dataset testing revealed that models 

trained on FakeNewsNet retained significantly higher 

predictive stability when evaluated on PHEME, indicating 

that the combined semantic–graph representations capture 

transferable misinformation patterns rather than dataset-

specific artifacts. 

 

Further ablation studies confirmed that the graph-

enhanced sentiment weighting mechanism played a pivotal 

role in detecting subtle forms of manipulation, such as 

emotionally charged but factually misleading narratives. 

When this component was removed, performance dropped 

by an average of 5%, particularly in cases involving 

contentious political content or coordinated bot-driven 

amplification. 

 

The system also demonstrated improved resilience to 

adversarial text attacks including paraphrasing, synonym 

substitution, and style transfer due to the dual reliance on 

linguistic content and relational propagation cues. 

Traditional transformer-only models showed significant 

declines under these perturbations, while TransGraphNet 

maintained stable precision and recall, highlighting the value 

of incorporating network-level behavioral analysis. 

Moreover, temporal propagation modeling enabled the 

system to identify misinformation campaigns in their early 

stages. By analyzing interaction velocity, sentiment drift, and 

emerging topic clusters, TransGraphNet successfully flagged 

several narratives before they reached peak virality in the 

benchmark datasets. This early-warning capability is critical 

for platforms and regulators seeking to curb the spread of 

harmful or misleading information. 

 

Finally, qualitative error analysis revealed that many 

false negatives involved highly satirical or context-dependent 

posts, suggesting an opportunity for future enhancements 

through improved contextual grounding or external 

knowledge integration. Nevertheless, the hybrid system 

significantly outperformed all baselines in detecting 

coordinated misinformation, polarized discourse patterns, 

and emerging deceptive themes thus solidifying its 

effectiveness as a next-generation framework for automated 

truth verification 

 

8. Conclusion and Future Work 
This study presents a comprehensive hybrid model that 

integrates transformer-based NLP and graph neural networks 

for fake news detection and truth verification. By combining 

semantic understanding with relational reasoning, the 

framework demonstrates superior performance in detecting 

misinformation and identifying emergent narrative trends. 

Future work includes extending the model to multimodal 

data (image and video misinformation) and developing real-

time dashboards for misinformation tracking and 

visualization. 
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