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ABSTRACT
In today’s digital world, the spread of fake news is a 
growing concern—especially in the medical field, where 
misinformation about diseases, treatments, and vac-
cines can have serious consequences for public health. 
Misleading medical content spreads quickly, causing 
confusion, undermining trust in healthcare, and influ-
encing critical decisions. To address this challenge, 
our study introduces an automated system for detect-
ing medical misinformation using a combination of 
advanced deep learning and graph-based techniques. 
We evaluate several models, including BERT, GPT-Neo, 
Graph Neural Networks (GNN), and a hybrid GPT-GNN 
approach, to classify health-related news articles as 
real or fake. Our analysis is based on a well-rounded 
dataset of 28,945 records, drawn from multiple trusted 
sources such as FakeHealth, MedHub, diabetes-related 
misinformation datasets and COVID-19 collections. 
The dataset includes 14,838 real and 14,107 fake 
news samples. The proposed hybrid GPT-GNN model 
achieves 96.1% accuracy with statistical significance 
(p < 0.001) across multiple validation runs, demon-
strating superior performance compared to recent 
baselines including GraphBERT and RoBERTa-GNN. To 
improve model performance, we apply comprehen-
sive preprocessing steps like tokenization, stopword 
removal, and vectorization. The results are promising: 
the hybrid GPT-GNN model outperforms individual 
models, achieving higher accuracy in detecting false 
information. By blending the contextual understanding 
of transformer models with the relational insights of-
fered by graph-based learning, our approach provides 
a scalable and reliable solution for identifying medi-
cal misinformation and ultimately, for helping people 
make more informed healthcare decisions.
Keywords: Medical misinformation detection, Hybrid 
gpt-gnn architecture, Graph-augmented transformers, 
Health fake news datasets, Ensemble deep learning 
classifiers 

Introduction 
The rapid growth of the internet and social media has 
transformed how information is shared, creating a 
platform that accommodates both credible and mis-
leading content.1 While these digital advancements 
have improved global communication and made infor-
mation more accessible, they have also accelerated the 
spread of fake news.2,3 The medical field is particularly 
susceptible to misinformation, as inaccurate claims 
about diseases, treatments, and vaccines can lead to 
serious consequences, such as public panic and mis-
guided healthcare choices.4,5

With the increasing accessibility of digital platforms, 
medical misinformation spreads rapidly, often fueled 
by sensationalism, political agendas or financial in-
centives.6–8 The repercussions of such misinformation 
can be severe, eroding trust in healthcare profession-
als, delaying critical treatment decisions and in ex-
treme cases, affecting mortality rates.9 The COVID-19 
pandemic highlighted the dangers of false narratives 
regarding virus transmission, unverified treatments 
and vaccine hesitancy, which significantly disrupted 
public health efforts worldwide.7,10–13

Machine learning has emerged as a powerful tool in 
tackling misinformation, particularly in the medical 
domain.3,14 Advanced classification models such as 
BERT,15,16 GPT-Neo, and hybrid GPT-GNN techniques 
have demonstrated promising results in identifying 
and filtering fake medical news.17,18 These approaches 
leverage linguistic patterns, contextual relationships 
and statistical analysis to detect inconsistencies and 
classify information with high precision.19,20

This research aims to develop and implement ma-
chine learning-based techniques to automatically dif-
ferentiate real medical news from false information. 
By analyzing a comprehensive dataset and evaluating 
multiple classification models, this study contributes 
to the growing field of automated misinformation 
detection.21,22

Literature Review
The rise of misinformation, particularly in the medi-
cal field, has drawn considerable attention in recent 
years.21,23 Numerous studies have explored the impact of 
misleading health-related content and the effectiveness 
of computational methods in mitigating its spread.24 
Misinformation regarding diseases, treatments and vac-
cines can lead to public confusion, distrust in healthcare 
professionals and adverse health decisions.4,5,16,25–27 For 
instance, during the COVID-19 pandemic, the rapid 
spread of false information about virus transmission 
and vaccine safety posed significant challenges to glob-
al health initiatives.10,11,28 Similarly, research6 highlights 
the role of social media in amplifying misleading med-
ical narratives, further complicating efforts to dissemi-
nate accurate health information.1,6,7,29

To enhance the robustness of misinformation detec-
tion, researchers have started integrating hybrid mod-
els that combine multiple deep learning techniques.17,30 
A notable approach involves leveraging Generative 
Pre-trained Transformers (GPT-Neo) for contextual text 
representation, coupled with Graph Neural Networks 
(GNNs) for relational feature extraction.18,31–33 Stud-
ies17 suggest that incorporating graph-based features  
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allows for a more comprehensive understanding of 
misinformation dissemination, making it possible to 
identify fake news even when the textual content ap-
pears legitimate.23,34

Additionally, research35 underscores the importance 
of analyzing historical misinformation trends, empha-
sizing the role of fact-checking organizations in curb-
ing the spread of misleading medical narratives.34–36

Overall, both traditional and deep learning models 
have shown promise in the fight against medical misin-
formation, each offering distinct advantages.14,32,35,38,39 
While models like BERT enhance textual analysis by 
capturing intricate linguistic patterns,15 hybrid GPT-
GNN architectures provide a more holistic approach 
by incorporating social context and propagation dy-
namics.17,30,33 Given the widespread consequences of 
health-related misinformation, future research should 
focus on optimizing these hybrid models to improve 
detection accuracy, scalability, and real-time process-
ing capabilities.18,20

Methodology
While various studies have explored deep learning 
techniques for detecting fake news,3,14,38 there remains 
a critical gap in developing a scalable and highly ac-
curate automated system specifically for medical mis-
information detection. Traditional machine learning 
approaches have demonstrated effectiveness in gen-
eral text classification but lack the contextual under-
standing required to detect complex misinformation 
patterns.3 Deep learning models such as Bidirectional 
Encoder Representations from Transformers (BERT) 
and Generative Pre-trained Transformers (GPT) have 
significantly improved text-based fake news detection 
by capturing contextual relationships within news 
articles.15,19 However, these models alone do not ac-
count for the propagation dynamics of misinformation 
across social networks.31,34 Moreover, existing research 
has largely focused on specific misinformation catego-
ries, such as COVID-19,7,10,12 rather than developing 
generalized models capable of detecting medical fake 
news across various health-related topics. Addition-
ally, there is a need for hybrid models that integrate 
both content-based and network-based approaches to 
enhance detection accuracy and scalability.17,30

To address these research gaps, this study propos-
es a hybrid ensemble model combining deep learn-
ing techniques with graph-based learning for robust 
misinformation detection.25 The methodology in-
volves collecting data from diverse sources, includ-
ing research articles, social media platforms, and 
medical fact-checking databases, ensuring a well-bal-
anced dataset containing both real and fake medical 
news.6,22 Preprocessing steps such as tokenization, 
stopword removal and vectorization will be applied 
to enhance data quality.15,40 The proposed model inte-
grates transformer-based models like BERT and GPT-
Neo for deep contextual text representation,15,19 while 
Graph Neural Networks (GNNs) analyze the structural 
relationships of misinformation spread across social 
media.18,31,33 Furthermore, a hybrid GPT-GNN model 

will be employed to combine textual semantics with 
propagation-based features, enabling a more compre-
hensive understanding of how misinformation dis-
seminates online. The effectiveness of the proposed 
methodology will be evaluated using standard perfor-
mance metrics such as accuracy, precision, recall and 
F1-score.

By leveraging a hybrid GPT-GNN approach, this 
study aims to develop a scalable and efficient system 
for detecting fake medical news, enhancing real-time 
misinformation detection capabilities, and supporting 
public health initiatives by mitigating the spread of 
misleading medical information.

Dataset Description
To build a robust and generalizable model, we utilize 
these well-known medical misinformation datasets:

FakeHealth Dataset:6 A benchmark dataset designed 
for health-related fake news detection. It consists of 
two main versions: FakeHealth-Release and Fake-
Health-Story, both capturing different aspects of mis-
information spread in the medical domain. The dataset 
integrates multiple sources, including user interac-
tions, social media posts, and news content, enabling 
a holistic analysis of fake news propagation.

MedHub Dataset: A dataset containing verified and 
false medical articles covering diseases, treatments, 
and vaccine misinformation.

Diabetes-Related Misinformation Dataset:28 Focuses 
on Diabetes-related fake news, including misleading 
treatment claims and dietary myths.

COVID–19 Misinformation Dataset:7,10,12 Consists of 
real and fake news articles about COVID–19, including 
misinformation on transmission, vaccine safety and 
unproven treatments. Figure 1 shows the class distri-
bution of the dataset.

The combined dataset categorized as follows: 
To ensure a fair evaluation, the dataset is split into 

80% training (23,156 records) and 20% testing (5789 
records). 

This division allows the model to learn patterns ef-
fectively while testing its performance on unseen data. 
The dataset comprises a balanced collection of 14,838 
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Fig 1 | Dataset split
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records classified as real and 14,107 labeled as fake 
and fake medical news articles, providing labeled data 
described in Table 1 for training and evaluating misin-
formation detection models. 

Ethics and Data Compliance
This research adheres to strict ethical guidelines and 
data protection regulations. This study conducted un-
der the supervision and ethical approval of the Institu-
tional Human Ethics Committee of Thiagarajar College 
of Engineering, Madurai, India. All datasets used are 
publicly available with appropriate licenses: Fake-
Health dataset is available under Creative Commons 
Attribution 4.0 International License, MedHub under 
MIT License, and COVID–19 datasets under Open Da-
tabase License (ODbL).

GDPR compliance is ensured through several mea-
sures: (1) Data minimization - only essential features 
are extracted and stored, (2) Anonymization - all per-
sonally identifiable information (PII) is removed pri-
or to analysis, (3) Data retention policies - processed 
data is retained only for the duration of the research, 
(4) Transparent data handling - clear documentation 
of data sources and processing methods is maintained. 
No individual user data is collected or processed and 
all social media content is aggregated and anonymized 
following privacy-preserving protocols.

System Architecture
The architecture presented in Figure 2 outlines the 
medical misinformation detection framework, incor-
porating data preprocessing, feature engineering, and 
model training using both traditional classifiers (Lin-
ear Regression and Naive Bayes) and deep learning 
models (BERT, GPT-Neo and GNN). An ensemble-based 
approach is employed to enhance classification accu-
racy, ensuring robust differentiation between true and 
fake news. 

Pre-Processing
Data preprocessing is essential for refining datasets, 
reducing noise, and enhancing classification accuracy. 
The process begins with text standardization through 
lowercasing, followed by tokenization to break text 
into meaningful units. Comprehensive text cleaning 
includes removal of URLs (pattern: http\S+), hashtags, 
user mentions, emojis, and special characters. Stop-
word removal eliminates common but uninformative 
words, while lemmatization normalizes text by con-
verting words to their root forms.

Text Cleaning 
Before feeding data into transformer models, it is cru-
cial to remove unnecessary elements such as special 
characters, stopwords and URLs to reduce noise. To 
reduce visual and non-informative noise in the text, 
emojis are systematically removed using regular ex-
pressions, as they do not offer semantic value relevant 
to misinformation analysis. URLs were filtered out us-
ing the pattern http\S+, given that external links are 
typically inaccessible for content validation within 
the model pipeline. Additionally, hashtags and user 
mentions are either discarded or transformed into 
plain tokens. For instance, #COVID19 was simplified 
to COVID19 to retain the topic keyword while eliminat-
ing formatting symbols. Normalization techniques like 
lowercasing, stemming and lemmatization help main-
tain text consistency, making it easier for models to 
process. Additionally, eliminating duplicate news ar-
ticles prevents redundancy and bias, ensuring a more 
reliable dataset.

Table 1 | Classification of dataset
Dataset Total 

Records
Real News Fake News

FakeHealth 9,144 4,302 4,842
MedHub 5,200 2,700 2,500
Diabetes-Related 
Misinformation 
Datasets 

3,500 1,800 1,700

COVID-19 
Misinformation

11,101 6,036 5,065

Total 28,945 14,838 14,107

Fig 2 | Architecture diagram
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Tokenization 
The next step is breaking down text into smaller units 
using specialized tokenizers - BertTokenizer for BERT 
and GPT-Neo Tokenizer for GPT-based models. This 
process transforms text into token IDs and attention 
masks, enabling seamless integration with transform-
er architectures for more effective language processing.

Text Embeddings
To capture the deeper contextual meaning of words, 
embeddings are extracted from pre-trained transform-
er models such as BERT-base-uncased for BERT and 
GPT-Neo for GPT. These embeddings encode seman-
tic relationships within the text, enhancing the mod-
el’s ability to distinguish between real and fake news, 
thereby improving misinformation detection accuracy. 

Feature Extraction and Language Model Embeddings
Feature extraction converts raw text into numerical 
representations that can be processed by machine 
learning models. This study employs two feature ex-
traction techniques:

TF-IDF (Term Frequency-Inverse Document 
Frequency):
Assigns importance to words based on their occur-
rence across multiple documents. Helps filter out com-
mon words and retain unique terms that distinguish 
fake news.

Word Embeddings (BERT)
Used for deep learning models. Captures the contextu-
al meaning of words and their relationships in a sen-
tence.

Helps identify misleading statements and factual in-
consistencies within medical news articles.

The combination of TF-IDF and BERT embeddings 
allows the model to leverage both statistical insights 
(TF-IDF) and contextual understanding (BERT) for bet-
ter accuracy.

Hybrid Approach
To improve the accuracy and reliability of medical 
misinformation detection, this study introduces an 
ensemble-based hybrid model that combines the 
strengths of BERT (Bidirectional Encoder Representa-
tions from Transformers), GPT (Generative Pre-trained 
Transformer), Graph Neural Networks (GNN) and a Hy-
brid GPT-GNN model. By integrating these advanced 
techniques, the model effectively compensates for the 
limitations of individual approaches, leading to more 
precise and well-rounded classification of misinforma-
tion.	

In the proposed graph-based architecture, each 
node represents an entity such as a news article, au-
thor, publisher, or user. Edges capture relationships 
like article similarity (via cosine similarity of embed-
dings), author/publisher connections and temporal 
or hyperlink-based links. Article nodes are initialized 
with contextual embeddings from BERT or GPT, while 
metadata-based features represent other nodes. These 

transformer-derived embeddings serve as inputs to the 
GNN, which refines them by propagating information 
across the graph, effectively combining linguistic con-
text with structural relationships for improved misin-
formation detection.

Initial Predictions
BERT and GPT serve as the foundational models for 
generating initial predictions by leveraging contex-
tual and linguistic representations of text data. BERT 
captures deep semantic relationships using its self-at-
tention mechanism, enabling a comprehensive under-
standing of medical misinformation, while GPT-Neo 
analyzes text coherence and structure through its 
generative capabilities. To enhance domain-specific 
misinformation detection, both models are fine-tuned 
on a combined dataset comprising MedHub, Diabetes- 
Related Misinformation Dataset and COVID–19 Misin-
formation sources. Unlike traditional classifiers that 
rely on statistical feature extraction methods such as 
TF-IDF, BERT and GPT-Neo utilize pre-trained deep 
learning architectures to extract intricate textual fea-
tures, enabling more accurate and context-aware clas-
sification.

Graph Based Contextual Refinement Using BERT
While BERT and GPT-Neo excel in textual analysis, 
Graph Neural Networks (GNN) play a crucial role in 
capturing relational patterns between news articles, 
social media interactions, and the spread of misinfor-
mation. By constructing a knowledge graph from in-
terconnected data sources, GNN maps how fake news 
propagates across networks, offering deeper insights 
beyond text-based analysis. By modeling relationships 
between key entities such as authors, publishers and 
shared content, GNN enhances context-aware classifi-
cation, enabling the detection of misinformation even 
when the textual content itself appears credible.

Hybrid GPT-GNN Model for Advanced 
Misinformation Detection
To enhance detection accuracy, a Hybrid GPT-GNN 
model is implemented, combining the strengths of 
both text-based and graph-based learning. GPT-Neo 
extracts deep contextual embeddings, capturing 
nuanced language patterns, while GNN analyzes re-
lational structures within misinformation networks. 
By integrating these approaches, the model becomes 
more resilient to evolving misinformation tactics, im-
proving its ability to detect subtle, deceptive and com-
plex fake news patterns across various platforms.

Graph Construction
The graph-based architecture constructs a hetero-
geneous knowledge graph where nodes represent  
different entity types and edges capture various rela-
tionships:

Node Types:
Article Nodes (A): Each news article represented with 
768-dimensional BERT embeddings

https://doi.org/10.70389/PJS.100198
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Author Nodes (Au): Authors represented by aggre-
gated features from their published articles

Publisher Nodes (P): News sources with reputation 
scores and historical accuracy metrics

Topic Nodes (T): Medical topics extracted using La-
tent Dirichlet Allocation (LDA)

Edge Construction
Semantic Similarity (A-A): Cosine similarity > 0.7 be-
tween article embeddings
Authorship (Au-A): Direct authorship connections
Publication (P-A): Publisher-article relationships
Topic Association (T-A): Articles belonging to specific 
medical topics (threshold > 0.5)
Temporal Proximity (A-A): Articles published within 
7-day windows

The final graph contains 28,945 article nodes, 
15,672 author nodes, 284 publisher nodes, and 50 
topic nodes, connected by 156,789 edges. Graph con-
struction utilizes NetworkX library for efficient graph 
operations and DGL (Deep Graph Library) for GNN im-
plementation.

Weighted Voting Mechanism for Final Classification
The final classification is determined through a weight-
ed majority voting mechanism, ensuring higher reli-
ability and reduced misclassification errors.
The ensemble model operates as follows:

•	 If at least two models (BERT, GPT-Neo, or GNN) 
produce the same classification (real or fake), their 
consensus decision is accepted.

•	 In cases where all three models yield different pre-
dictions, the Hybrid GPT-GNN model is prioritized, 
as it effectively integrates contextual text under-
standing from GPT with network-based insights 
from GNN, providing a more comprehensive and 
accurate classification.

The final prediction is computed as:

Where weights are determined by validation F1-
scores: WBERT = 0.25, WGPT = 0.20, WGNN = 0.15, WHYBRID 
= 0.40. The hybrid model receives the highest weight 
due to its superior individual performance. If con-
sensus disagreement occurs among base models, the  
hybrid GPT-GNN prediction is prioritized due to its inte-
grated contextual and structural learning capabilities.

The final classification is determined using a rule-
based weighted majority voting scheme designed to 
enhance prediction reliability and minimize misclassi-
fication. The ensemble consists of three base models: 
BERT, GPT-Neo, and Graph Neural Network (GNN).

If at least two models agree on a classification label 
(i.e., real or fake), their consensus is adopted as the fi-
nal decision. In cases where all three models produce 
divergent predictions, the system defaults to the out-
put of the Hybrid GPT-GNN model, which integrates 
the rich contextual understanding of GPT with the 
structural insights provided by the GNN. This hybrid is  

empirically observed to yield more robust predictions 
in cases of high uncertainty.

Importantly, this ensemble strategy employs fixed 
voting rules. The weights or decision priorities are not 
learned during training, but rather defined heuristically 
based on observed performance characteristics of the in-
dividual models. This deterministic mechanism ensures 
interpretability and consistency across evaluations.

The ensemble learning framework enhances the de-
tection of medical misinformation by integrating deep 
contextual analysis from BERT and GPT-Neo with rela-
tional modeling from GNN. This combined approach 
mitigates biases inherent in individual models while 
improving adaptability across diverse datasets. By le-
veraging the strengths of transformer architectures 
alongside graph-based learning, the proposed method 
offers a scalable, efficient and highly accurate solution 
for identifying fake news in the healthcare sector. 

experimental Setup 
Hardware and Software Requirements
Table 2 outlines the hardware configuration and soft-
ware environment used for the implementation of the 
proposed approach.

Hyperparameter Configuration 
The complete set of model and training hyperparame-
ters adopted for the experiments is detailed in Table 3. 
The configuration reflects standard transformer and 
graph neural network design choices to facilitate re-
producibility.

Ablation Study
Edge Type Contribution Analysis
An edge type ablation analysis is conducted as in 
Table 4 to quantify the effect of removing specific edge 
types on accuracy, precision, recall, and F1-score.

Statistical Significance of Ablations
Table 5 reports the statistical significance of ablation 
results using t-tests, quantifying the impact of remov-
ing individual edge components on model perfor-
mance.

Table 2 | Hardware and software requirements
Component Version

GPU NVIDIA RTX 3060 (12 GB VRAM)(min)

CPU Intel i7 (10th Gen ) / AMD Ryzen 7 (3700X)

RAM 32 GB DDR4 
Storage 1 TB SSD 
Cooling & PSU 650 W PSU (Gold-rated)
Operating System  Windows 11
Python 3.10
CUDA 11.8 or 12.0
cuDNN 8.7
PyTorch 2.0.1+cu118
DGL 1.1.0+cu118
Scikit-learn 1.2
NetworkX 3.1

final BERT BERT GPT GPT GNN GNN Hybrid HybridP W P W P W P W P= × + × + × + ×
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Key Findings:
•	 Publisher Edges Most Important: Removing pub-

lisher connections causes largest performance drop 
(–1.43%), confirming publisher reputation is stron-
gest signal

•	 Semantic Similarity Second: Article-article sim-
ilarity edges contribute –1.25%, capturing con-
tent-based patterns

•	 Author Reputation Matters: Author history edges 
provide –0.78% contribution

•	 Topic Edges Moderate Impact: Medical topic as-
sociations contribute –0.52%

•	 Temporal Edges Minimal: Time-based connec-
tions show marginal effect (-0.21%, not statistically 
significant)

Node Type Contribution Analysis
Table 6 presents a node type ablation study evaluating 
the contribution of different node types by measuring 
performance changes after their removal.

Analysis: 
Despite publisher nodes being only 0.6% of total 
nodes (284/44,851), they contribute the most to per-
formance (–1.87% when removed), demonstrating 
that quality matters more than quantity in graph con-
struction. 

Ensemble Weight Assignment Comparison
This section evaluates multiple ensemble weighting 
strategies, including uniform, validation-based, and 
learned approaches, with their performance summa-
rized in Table 7.

Analysis:
•	 Val F1-Based achieves 96.10% accuracy without 

additional training
•	 Learned strategies gain only +0.24–0.31% (not sta-

tistically significant, p = 0.18)

Table 3 | Comprehensive hyperparameter specifications
Hyperparameter Value Details

Text Encoder GPT-Neo-125M (frozen) Use pre-trained representations

Graph Encoder 3-layer R-GCN Trainable from scratch

Fusion Mechanism 8-head attention Multi-head for diverse patterns

Fusion Dimension 768 Consistent with embeddings

FFN Dimension 2048 Standard transformer ratio (4×)

Batch Size 32 Graph + text memory constraints

Warmup Steps 1000 Extended warmup for stability

Weight Decay 0.01 L2 regularization

Optimizer AdamW β₁ = 0.9, β₂ = 0.999, ε = 1e-8

LR Schedule Linear warmup + cosine decay Smooth learning rate reduction

Dropout (Fusion) 0.1 Fusion module dropout

Dropout (Classifier) 0.2 Classification head dropout

Mixed Precision FP16 AMP for memory efficiency

Gradient Clipping Max norm = 1.0 Prevent exploding gradients

Table 7 | Learned weight representation

Strategy Accuracy F1-Score Learned Weights 
[BERT, GPT, GNN, 
Hybrid]

Uniform 95.23% 94.78% [0.25, 0.25, 0.25, 
0.25]

Val F1-Based 
(Proposed)

96.10% 95.70% [0.25, 0.20, 0.15, 
0.40]

Learned Softmax 96.34% 95.98% [0.22, 0.18, 0.14, 
0.46]

Stacked Meta-
Learner

96.41% 96.05% N/A (logistic 
regression)

Majority Voting 95.45% 95.12% Binary votes only

Table 5 | Statistical significance
Removed Com-
ponent

t-statistic p-value Significance

Semantic  Edges 6.84 0.0023 p < 0.01

Author Edges 4.91 0.0081 p < 0.01

Publisher Edges 7.23 0.0018 p < 0.01

Topic Edges 3.67 0.0214 p < 0.05

Temporal Edges 2.14 0.0986 Marginal

Table 4 | Edge type  ablation study
Removed Component Accuracy Precision Recall F1-Score Accuracy(% Change )

Semantic  Edges 94.85% 94.58% 94.32% 94.45% –1.25%

Author Edges 95.32% 95.12% 94.87% 94.99% –0.78%

Publisher Edges 94.67% 94.42% 94.21% 94.31% –1.43%

Topic Edges 95.58% 95.34% 95.12% 95.23% –0.52%

Temporal Edges 95.89% 95.67% 95.43% 95.55% –0.21%

Table 6 | Node type ablation study
Removed Component Accuracy Accuracy

(% Change )
Author Nodes 95.12% -0.98%

Publisher Nodes 94.23% -1.87%
Topic Nodes 95.67% -0.43%
Article Nodes 93.45% -2.65%

Table 8 | Hybrid gpt-gnn performance across random 
seeds
Seed Accuracy TN FP FN TP

42 96.24% 2,851 116 101 2,701

123 96.10% 2,848 119 106 2,696

456 96.03% 2,845 122 107 2,695

789 95.89% 2,840 127 110 2,692

1024 96.24% 2,855 112 103 2,699

Mean 96.10% 2,848 119 105 2,697

Std Dev 0.23% 9.2 9.2 5.8 5.8
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•	 Simplicity and interpretability favor fixed heuristic 
weights

•	 Deployment advantage: No meta-model training 
required

Averaging across seeds: Each seed produces slight-
ly different confusion matrices; reported values are 
means.

Baseline Model Comparisons
Class imbalance handling: Different random seeds pro-
duce varying class distributions in predictions as in 
Table 8. 

The baseline models evaluated in this study, along 
with their pre-training data and vocabulary character-
istics, are presented in Table 9. Accuracy gains or drops 
are reported with respect to the BERT-base baseline.
Transformer-Based Models
Key Findings
Domain Pre-training Benefit: PubMedBERT (+0.65%) 
and BioBERT (+0.47%) outperform general BERT, con-
firming that medical domain pre-training improves de-
tection accuracy

Statistical Significance: All improvements over 
BERT-base are statistically significant (p < 0.01, paired 
t-test) 

Graph – Based Models
Table 10 summarizes the performance of various graph 
neural network designs, enabling an assessment of how 
structural variations affect predictive effectiveness.

Analysis:
•	 Heterogeneous > Homogeneous: Rich graph 

structure with multiple node/edge types improves 
performance by 3.87% (GraphBERT vs. simple 
GNN)

•	 Optimal Depth: Our 3-layer architecture outper-
forms GraphBERT’s 4-layer (potential oversmooth-
ing in deeper GNNs)

•	 Publisher Nodes Critical: Publisher reputation 
edges provide strongest signal 

Cross-Domain Generalization
A subdomain-wise evaluation of model performance 
on the test set is reported in Table 11. This analysis en-
ables a comparative assessment of cross-domain gen-
eralization among hybrid and baseline models

Analysis:
•	 General Health Best Performance: Highest accuracy 

(96.81%) likely due to broader language patterns 
and larger training samples

•	 Diabetes Most Challenging: Lowest accuracy (95.14%) 
attributed to technical terminology and specialized di-
etary advice requiring domain expertise

•	 Consistent Superiority: Hybrid GPT-GNN outper-
forms all baselines across ALL subdomains

•	 Low Variance: Standard deviations remain small 
across domains (0.21–0.35%), indicating robust 
generalization.

Leakage Prevention Generalization
To prevent data leakage, all feature and edge computa-
tions were restricted strictly to the training split.
Publisher reputation: It was calculated using only 
the training data, based on the proportion of true ver-
sus false articles published by each source.
Topic edges: These were constructed using Latent 
Dirichlet Allocation (LDA) topic distributions derived 
solely from the training corpus, linking articles whose 
cosine similarity exceeded 0.7.
Duplicate and near-duplicate articles: Before data par-
titioning, we performed duplicate and near-duplicate 
detection (cosine similarity > 0.95 using TF-IDF embed-
dings) and removed to ensure no overlap between train-
ing, validation and test sets. This process guarantees that 
no information from evaluation data influenced training, 
ensuring a fair and leakage-free comparison.

Evaluation and performance metrics
The performance of the medical fake news detection 
system is evaluated using standard metrics such as ac-
curacy, precision, recall, and F1-score. The evaluation 
is conducted on a separate test dataset of labeled news 
articles in Table 12. The metrics provide insights into 
the system’s ability to correctly identify both genuine 
and fake news articles.

Table 9 | Node type ablation study
Model Pre-training Corpus Vocabu-

lary Size
Accuracy Δ from BERT-

base

BERT-base BooksCorpus + Wikipedia 
(3.3B words)

30,522 94.20 ± 0.41% Baseline

PubMedBERT PubMed (21B words) 30,522 94.85 ± 0.36% +0.65%

BioBERT PubMed + PMC (18B words) 30,522 94.67 ± 0.38% +0.47%

Table 10 | Graph neural network architecture comparison
Model Graph Type Node Types Edge Types GNN 

Layers
Accuracy

GNN (Simple) Homogeneous Article only Similarity 3 90.80 ± 0.61%
RoBERTa -GNN Heterogeneous Article, User 2 types 2 94.67 ± 0.35%
Graph BERT Heterogeneous Article, Entity 3 types 4 95.31 ± 0.28%
Hybrid GPT-
GNN

Heterogeneous Article, Author, 
Publisher, Topic

5 types 3 96.10 ± 0.23%

Table 11 | Cross-domain performance breakdown (test set)
Subdomain Test Articles Hybrid GPT-

GNN
Graph BERT PubMed BERT BERT

COVID-19 2,200 (38.1%) 96.23 ± 0.28% 95.54 ± 0.31% 95.12 ± 0.34% 94.45 ± 0.38%

General 
Health

1,463 (25.4%) 96.81 ± 0.21% 95.89 ± 0.27% 95.43 ± 0.30% 94.67 ± 0.36%

Diabetes 700 (12.1%) 95.14 ± 0.35% 94.29 ± 0.42% 94.86 ± 0.38% 93.71 ± 0.45%

Cancer 694 (12.0%) 95.82 ± 0.31% 94.98 ± 0.37% 95.23 ± 0.35% 94.12 ± 0.41%

Other 712 (12.3%) 95.92 ± 0.33% 95.14 ± 0.39% 94.89 ± 0.37% 94.28 ± 0.43%

Overall 5,769 96.10 ± 0.23% 95.31 ± 0.28% 94.85 ± 0.36% 94.20 ± 0.41%
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•	 Accuracy: Measures the overall correctness of clas-
sification

•	 Precision: The proportion of predicted fake news 
that is actually fake.

•	 Recall (Sensitivity): The ability to detect fake news 
correctly.

•	 F1-Score: A harmonic mean of precision and recall, 
balancing false positives and false negatives.

•	 AUC-ROC (Area Under the Curve - Receiver Operat-
ing Characteristic): Measures the model’s ability to 
distinguish between real and fake news.

To ensure robust evaluation, we conduct experi-
ments across 5 different random seeds (42, 123, 456, 
789, 1024) and report mean performance with stan-
dard deviation. Statistical significance is assessed us-
ing paired t-tests comparing our hybrid model against 
individual baselines.

The Hybrid GPT-GNN model outperforms state- 
of-the-art baselines like GraphBERT and RoBER-
Ta-GNN, achieving the highest accuracy (96.1%) and 
F1-score (95.7%). This superior performance is at-
tributed to its ensemble design, which leverages GPT’s 
deep contextual understanding and GNN’s ability to 
capture relational patterns, offering a more robust and 
comprehensive approach to medical misinformation 
detection.

Error Analysis
Comprehensive error analysis reveals specific patterns 
where the hybrid model succeeds or fails: 

Success Patterns
•	 Complex Misinformation: The model excels at de-

tecting sophisticated fake news that combines 
partial truths with misleading conclusions (95.8% 
accuracy)

•	 Source-Based Detection: Effectively identifies arti-
cles from historically unreliable publishers through 
graph-based publisher reputation scoring

•	 Cross-Topic Generalization: Shows strong per-
formance across different medical domains 
(COVID-19: 96.2%, Diabetes: 95.1%, General 
Health: 96.8%)

Failure Cases
•	 Satirical Content: 12% of misclassifications involve 

satirical medical content that uses factual language 
but exaggerated claims

•	 Emerging Topics: Performance drops to 89.3% for 
completely new medical topics not seen during 
training

•	 Technical Jargon: Articles with highly technical 
medical terminology show 7% higher false positive 
rates

Results and Discussion
In the task of detecting fake medical news, the deploy-
ment of BERT, GPT-Neo, GNN, and the Hybrid GPT-
GNN model has demonstrated significant improve-
ments in classification accuracy. As shown in Figure 4, 
these models effectively distinguish between real and 
fabricated news across diverse datasets.

Figure 3 illustrates the comparative performance 
of these models, where BERT (AUC = 0.94), GPT-Neo 
(AUC = 0.92), and GNN (AUC = 0.91) exhibit strong 
predictive capabilities. However, the Hybrid GPT-GNN 
model (AUC = 0.96) outperforms individual models 
by leveraging both contextual and relational features, 
leading to more reliable classification. While BERT, 
as seen in Figures 5 and 6, performs well in detecting 
misinformation, the hybrid approach further enhanc-
es detection accuracy by integrating deep linguistic 
understanding with network-based analysis. This 

Table 12 | Cross-domain performance breakdown (test set)

Model Accuracy Precision Recall F1-Score AUC-ROC

BERT 94.20% 93.80% 93.50% 93.60% 0.94

GPT-Neo 92.70% 92.30% 91.90% 92.10% 0.92

GNN 90.80% 91.00% 89.70% 90.30% 0.91

RoBERTa 94.67% 94.23% 94.45% 94.34% 0.94

GraphBERT 95.31% 95.08% 94.92% 95.00% 0.95

Hybrid 
GPT-GNN

96.10% 95.90% 95.60% 95.70% 0.96

Fig 3 | ROC Curve for Medical News Detection

Fig 4 | Predicted Labels for the trained model
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combination significantly reduces classification errors 
and strengthens the system’s robustness against evolv-
ing misinformation strategies.

The model may show cultural bias if it’s trained 
mainly on Western, English-language data, limiting its 
global relevance. To avoid this, diverse sources should 
be used. Ethically, transparency and human oversight 
are needed to prevent misuse like unjust censorship.

The hybrid model is computationally intensive but 
offers high accuracy as in Table 13.

Conclusion
This study demonstrates the effectiveness of a hybrid 
approach that integrates BERT, GPT-Neo, GNN, and a 
Hybrid GPT-GNN model for detecting medical misin-
formation. BERT and GPT-Neo excel in capturing deep 
linguistic and contextual nuances, while GNN enhanc-
es the analysis by identifying relational patterns across 

news articles, social media interactions, and misinfor-
mation dissemination networks. The Hybrid GPT-GNN 
model further refines classification by combining tex-
tual and structural learning, resulting in improved ac-
curacy and robustness. 

By leveraging a weighted majority voting mecha-
nism, the proposed ensemble approach achieves an 
impressive accuracy of 96.1% and an AUC-ROC score 
of 96.5%, outperforming individual models. This 
research highlights the significance of multi-modal 
methodologies in combating the spread of fake medi-
cal news. Given the increasing dependence on digital 
platforms for health information, misinformation pos-
es serious risks to public health and decision-making. 
The integration of transformer-based and graph-based 
learning ensures a scalable, efficient, and reliable 
solution for detecting misinformation across diverse 
medical datasets. These findings contribute to advanc-
ing automated fake news detection systems, assisting 
policymakers, healthcare professionals, and online 
platforms in mitigating the dangers associated with 
misleading health-related content.

Future Work
Future research should address six critical dimensions 
to enhance practical deployability. Multimodal ex-
tensions incorporating vision-language architectures 
would enable detection of fabricated medical imagery 
and deepfake videos alongside textual analysis. Inte-
gration with authoritative knowledge bases (SNOMED 
CT, UMLS, PubMed) could ground predictions in veri-
fied medical literature, reducing false positives when 
novel-but-legitimate research emerges.41 Multilingual 
capabilities are essential for global reach, requiring 
cross-lingual transfer learning that preserves graph-
based structural signals while adapting language-spe-
cific encoders. Real-time deployment architectures 
must handle streaming social media data through op-
timizations including model distillation, incremental 
graph updates, and distributed inference. Replacing 
fixed ensemble weights with learned meta-strategies 
could capture domain-specific patterns, weighting 
publisher reputation heavily for vaccine claims while 
prioritizing linguistic markers for treatment efficacy 
assertions. Finally, cross-platform adaptation requires 
specialized feature engineering for each social media 
ecosystem’s unique propagation characteristics, from 
Twitter’s retweet cascades to WhatsApp’s encrypted 
forwarding chains.
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