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Abstract

The spreading of fake news via online social media has emerged as one of the major
issues in the modern information systems. The existing fake news detection techniques mainly
rely on text-based classification methods and are ineffective in incorporating multimodal
features, which can be used for fake news detection and classification. This study proposes
HGAT-BERT, where a pretrained BERT-Large encoder is coupled with a Heterogeneous
Graph Attention Network (HGAT) to learn joint representations for textual, social network and
external knowledge graph features. Cross-modal attention and gated residual connections
facilitate the integration of these heterogeneous feature streams into a unified representation.
On the FakeNewsNet dataset split on PolitiFact and GossipCop data, the research reports an
accuracy of 93.7% and an F1 score of 93.2%, an improvement of around 3.5% over the existing
methods. The ablation analysis shows that all components represent meaningful contributions
to the overall model performance, with cross-modal attention being responsible for the largest

marginal contribution.
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1. Introduction

Fake news posted in online is readily accessible for millions of people in a matter of
hours. Hence, fake news detection has become one of the main areas under consideration.
Despite the fact that existing solutions have already proven themselves successfully, the

problem still remains unsolved.

initially, the procedure used for detecting fake news were mainly concerned with
general linguistic characteristics like readability, syntactic complexity, and emotional valence.
Though these features can easily identify the linguistic patterns, they can be quite easily
circumvented by those who create misinformation since they are able to create well-structured,
high-quality text that closely resembles professional journalism. Though modern transformer
and deep learning architectures have greatly enhanced the capabilities of fake news detection
systems, most current methods still consider the problem from the perspective of text

classification only.

The concept of the proposed HGAT-BERT is quite simple; fake and real news are
different not only in their content but also in how they spread across the network of information.
The features like who has retweeted the particular news, what type of sources have boosted its

distribution and how does it relate to the existing information base are very discriminative.
In more detail, this study makes the following three contributions:

1. Introduce HGAT-BERT, a multi-modal fake news detection framework that jointly
integrates textual, social-graph, and knowledge-graph representations through a

cross-modal attention fusion mechanism.

2. Design a Heterogeneous Graph Attention Network that explicitly models typed
edges between users, articles, and source nodes—going beyond the homogeneous

graph approaches used in prior work.

3. Run comprehensive experiments on FakeNewsNet, including ablation studies and
cross-domain evaluation, with a detailed breakdown of each component's

contribution.

The rest of this paper is structured as follows. Section 2 contains the related work

overview. Section 3 explains the suggested methodology. Section 4 is dedicated to experiment
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configuration and findings. Section 5 is devoted to ablation study and interpretation of the

obtained results. Finally, Section 6 concludes the research study.

2. Related Works
2.1 Text-Based Detection Methods

Initially, the computational approaches to the problem of detecting fake news from
existing technologies involved solving the problem of stylometry. In particular, according to
Pérez-Rosas et al. [1], features of language, such as the distribution of sentences' lengths,
frequency of function words, and use of deceptive language could be used to distinguish satire
from the fake news. The advent of deep learning focused on learned representations. Kim et.
al [2] has shown that the shallow convolutional neural networks can be used for performing
text classification tasks. Similar approaches have been then used for detecting the credibility
of the news. The BERT model proposed by Devlin et al. [3] has set new benchmarks for NLP
applications. Applying it for fake news detection is highly direct: fine-tuning on labelled
samples followed by credibility prediction via the CLS token. Zhou et al. [4] extended the idea

by pre-training the model on news-related corpora in a domain-adaptive manner.
2.2 Social Context and Propagation Modeling

The focus of some research works was not on analyzing news contents but on the way
in which news spreads, since it was observed that the pattern of spread for fake news and real
news is inherently different. The fake news is observed to have some distinctive patterns in
terms of being viral and burst in nature and spreading mostly in communities with low average
credibility scores. One of the early works which made this observation used Twitter based
propagation features to analyze news credibility [5]. The Graph Neural Networks framework
turned out to be highly suitable to capture such patterns. For example, Bian et al. [6] used Graph
Convolutional Networks for modeling rumor propagation trees and obtained good results. Later
approaches like SAFE [7] and FANG [8] extended this framework by using heterogeneous

social graphs.
2.3 Knowledge Graph Integration

The use of structured world knowledge for fake news detection is one of the most

neglected areas of research with a very robust underlying concept. The statement which
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contradicts already proven facts can be considered as an indicator of fake news. Shi et al. [9]
studied the fact verification problem with the help of knowledge graphs (KGs). Recently,
reading comprehension with KG-augmented models [10] showed that entity-level grounding

is beneficial for reasoning tasks. In other words, it can help with fake news detection too. .
2.4 Multi-Modal and Fusion Approaches

The recent generation of models that have been developed for fake news detection is
based on multimodal fusion which utilizes information from diverse data sources to boost
performance. The model MFAN [11] uses textual, visual, and social information using co-
attention. On the other hand, ENDEF [12] takes the development of the above direction forward
by adding entity-level causal analysis for better interpretability and robustness. However, what
our proposed technique differs from the above models is that we consider the heterogeneity of

the graph while using cross-modal attention mechanism for interaction between features.

3. Proposed Methodology
3.1 Problem Formulation

Let D = {(ai, Gs, G, yi)} denote the training corpus, where a; is a news article (text and
metadata), Gs = (V, Es) is the social propagation graph with node set V; (users, articles, sources)
and edge set Es, and Gy = (Vi, Ex) is the knowledge graph over entities mentioned in a;. The
label y; € {Real, Fake, Misleading}. Our goal is to learn a classifier f: (ai, Gs, Gx) — yi that
minimizes classification error on held-out data straightforward to state, considerably harder to

do well.
3.2 Textual Encoding with BERT-Large

Article text is encoded using BERT-Large (24 transformer layers, 1024 hidden
dimensions, 16 attention heads). Each article is tokenized with WordPiece [3], truncated or
padded to 512 tokens, and passed through the full BERT stack. The final-layer [CLS]

representation serves as the article-level text embedding:

h. = BERT — Large(a)[CLS] € R'?** (1)
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However, all layers of BERT are tuned in the training phase using a discriminative
learning rate, where low layers receive a small learning rate [3]. Then, linear projection was

used to project h; to a 512-dimensional shared space.
3.3 Heterogeneous Graph Attention Network

The social graph G; contains three node types: articles (A), users (U), and sources (S).
Edge types include user-shares-article, user-follows-user, source-publishes-article, and article-
cites-article. Standard GNNs aggregate messages uniformly across all edge types, which
essentially throws away this relational structure. Our HGAT avoids this by using type-specific

attention coefficients.
For a node v of type t(v), its updated representation after one HGAT layer is:
hy = a(ZpZue Now) ap(v,u) - We hy) ()

Here, @ is the set of edge types, No(v) is the neighborhood of v under edge type ¢, Wo
is a type-specific projection matrix, and a@(v,u) is the attention coefficient computed via a
learnable scoring function. Two HGAT layers are stacked, with layer normalization applied

after each.

The article node's graph representation h_g € R>'? is extracted from the final HGAT
layer. Knowledge graph embeddings are obtained using TransE [13] pre-trained on Wikidata

and projected to 512 dimensions: hy € R3'2,
3.4 Cross-Modal Attention Fusion

A cross-modal attention mechanism is employed to learn the relative importance of
each modality. Given the three embeddings {h,, h g, hi} € R*2 pairwise cross-attention is
computed to capture the interactions among the textual, social graph, and knowledge graph

representations.
H = LayerNorm( CrossAttn(h, h_g,hy) + he @ h_.g @ hx) 3)

A gating vector g = o(W_g[h; h g; hy] + b_g) controls how much of the fused
representation actually flows through. The resulting H € R'>3¢ is then passed to an 8-head self-

attention layer, followed by a two-layer FFN.
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3.5 Classification Head

The final representation is fed into a fully-connected layer (1536 — 256), followed by
GELU activation, dropout (p = 0.3), and a 3-class softmax output. We optimize with cross-
entropy loss and AdamW (weight decay 0.01), using a linear warmup over the first 10% of

training steps.

HGAT-BERT: Proposed Architecture for Fake News Detection

Raw News Article Social Graph Knowledge Base
(Text + Metadata) (User-Article-Source) (Entities & Relations)

Cross-Modal Attention Fusion @ Gated Residual Connection

Heterogeneous Graph -
Attention Network (HGAT) -

CLASSIFIER

ouTPUT

Partially
Misleading

Fake News

Figure 1. Architecture of the proposed HGAT-BERT model

The proposed framework’s overall workflow is depicted in Figure 1. All the considered
textual, social graph, and knowledge graph streams undergoes an encoding process
individually, followed by fusion through cross-modal attention. Afterward, the multi-modal
embedding is subjected to a HGAT for learning the complex inter-modal dependencies prior

to classification.
4. Experimental Setup and Results

4.1 Datasets

The experiment employs the FakeNewsNet dataset [14] which involves two sub-

datasets: PolitiFact from the political domain and GossipCop from the entertainment domain.
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Both sub-datasets vary in size and properties and are outlined in Table 1. The dataset was
divided into 70% for training, 10% for validation, and 20% for testing. In addition to that, we
test the cross-domain generalization ability of the model by training it on one dataset and testing

on another one.

Table 1. Dataset statistics of FakeNewsNet dataset

Dataset Total Articles Real Fake | Avg. Tokens Social Edges

PolitiFact 1,056 512 544 318.4 89,247
GossipCop 22,140 16,817 | 5,323 241.7 923,081
Combined 23,196 17,329 | 5,867 248.1 1,012,328

4.2 Baselines

Model comparison against seven baseline model families: TextCNN [2], BILSTM with
attention (BILSTM-AT) [15], dEFEND [16], BERT-Base [3] fine-tuned for classification,
SAFE [7], FakeNewsNet GNN [14], and MFAN [11], where reproducible code was available,

all baselines were re-run under identical conditions (same splits, same random seeds).
4.3 Implementation Details

HGAT-BERT is implemented in PyTorch 2.1 with the HuggingFace Transformers
library. BERT-Large weights are initialized from the official pre-trained checkpoint. The
HGAT uses hidden dimensions of 512, 2 layers, and 8 attention heads. TransE embeddings are
512-dimensional, pre-trained for 500 epochs on a Wikidata subset (~50M triples). We use
AdamW with a peak learning rate of 2x10~° for BERT parameters and 1x107 for HGAT
parameters, a batch size of 32, and train for up to 50 epochs with early stopping (patience =
10). Experiments ran on four NVIDIA A100 GPUs; all reported results are averaged over five

independent runs with different random seeds.
4.4 Quantitative Results

Table 2. Performance comparison on FakeNewsNet (combined, test set)

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
TextCNN (2014) 78.3 76.8 77.4 77.1
BiLSTM-AT (2017) 81.7 79.9 80.9 80.4
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dEFEND (2019) 84.2 82.7 83.5 83.1
BERT-Base (2019) 86.5 85.1 86.4 85.8
SAFE (2020) 87.1 85.9 86.7 86.3
FakeNewsNet GNN 88.4 87.4 88.3 87.9
(2021)

MFAN (2022) 90.2 89.0 90.1 89.5
HGAT-BERT (Ours) 93.7 93.0 93.5 93.2

The results presented in Table 2 are macro-averaged over five independent runs (o <

0.3% for all metrics).

95

90

Performance (%)
&

@
o

W Accuracy (%)
= F1-Score (%)
N Precision (%)
. Recall (%)

75

TextCNN BILSTM-AT dEFEND BERT-Base

FakeNewsNet MFAN HGAT-BERT
(Qurs)

SAFE
(2014) (2017) (2019) (2019) (2020) GNN (2021) (2022)

Figure 2. Performance comparison across all methods on the FakeNewsNet combined test set

The findings in Table 2 show that HGAT-BERT outperforms all the baselines models.
In particular, HGAT-BERT shows an improvement of 3.5 percentage points when compared
to the MFAN model in both accuracy and F1-Score. When compared to BERT-Base, HGAT-
BERT shows an improvement of 7 percentage points, showing the efficacy of the heterogenous
graph attention network (HGAT) along with the ability of BERT to learn contextual
representation from text. It should be mentioned that while MFAN is one of the best baselines,
it performs better in our experiment than its original paper, most probably because of the
difference in pre-processing and experimental variations. As shown in Figure 2, the proposed

HGAT-BERT achieves the highest scores across all four metrics.
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Figure 3. Training and validation curves for HGAT-BERT over 50 epochs

Figure 3 shows stable convergence without any signs of overfitting. The best

performing model was selected by early stopping technique during epoch 38.
4.5 Cross-Domain Generalization

Table 3. Cross-domain generalization results

Train — Test BERT-Base | MFAN (%) | HGAT-BERT Avs

(%) (%) MFAN
PolitiFact — GossipCop 72.4 78.6 82.1 +3.5
GossipCop — PolitiFact 69.8 75.3 79.7 +4.4
Combined — PolitiFact 83.1 87.4 91.3 +3.9
Combined — GossipCop 84.6 88.9 92.4 +3.5

As shown in Table 3, HGAT-BERT consistently outperforms baselines in out-of-
domain scenarios, suggesting the learned representations transfer, which perform reasonably

well across various news domains.

The cross-domain evaluation results shown in Table 3 clearly indicate that HGAT-
BERT surpasses MFAN with an improvement ranging from 3.5% to 4.4% in all transfer
learning tasks. However, more significantly, the performance difference between in-domain
and cross-domain evaluations is much narrower for HGAT-BERT than for BERT-Base. The
reason behind this is that the performance degradation of HGAT-BERT is 11 points, whereas
that of BERT-Base is 15 points.
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5. Ablation Study and Discussion
5.1 Component-Wise Ablation

An ablation study was conducted to evaluate the contribution of each component and
the overall performance improvement achieved by integrating all the models. In this study,
each component was removed individually while the remaining components were kept

unchanged. The results of this analysis are summarized in Table 4 and Figure 4.

Table 4. Ablation study results (FakeNewsNet combined test set)

Model Variant Accuracy (%) | F1-Score (%) | A Accuracy
HGAT-BERT (Full Model) 93.7 93.2 —
w/o Knowledge Graph 91.2 90.6 -2.5
w/o Social Graph 90.5 89.8 -3.2
w/o Cross-Modal Attention 88.9 88.1 —4.8
w/o HGAT (replace — GCN) 87.6 86.9 —6.1
BERT-only Baseline 86.5 85.8 =7.2

BERT-only Baseline

wfo HGAT (replace—GCN)

w/fo Cross-Modal Attention

wjfo Social Graph

wio Knowledge Graph

93.7

Il Accuracy (%)
W Fl-Score (%)

HGAT-BERT (Full)

84 86 88 90 %2 a1 9%
Score (%)

Figure 4. Ablation study results

A number of insights have been gained from the ablation study. Firstly, using an
ordinary homogeneous GCN instead of the HGAT module leads to the largest performance
drop (—6.1% accuracy), implying that the type-specific attention scheme is efficient at
extracting the heterogeneous relational information that cannot be captured using a
homogeneous graph. Secondly, the performance drop in the case of eliminating the cross-

modal attention module is —4.8%, revealing that straightforward feature combination is
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ineffective when performing multimodal learning, thus requiring feature fusion to be learned.
Thirdly, while the knowledge graph does contribute to the performance improvement (+2.5%),

this improvement is weaker compared to the one provided by the social graph (+3.2%).
5.2 Error Analysis

The manual inspection of 100 test instances that were misclassified by the proposed
classifier revealed possible sources of errors. First of all, in about 40% of such cases, the
misclassification is related to politically sensitive articles due to overgeneralized source-node
credibility. In other words, a few of the sources that were considered credible during the
training phase later distributed misleading information, thus causing the classifier to generalize
this experience on the test articles. Second, about 30% of such test instances were satirical
articles marked as fake because of similar language use to that of real news. Third, in about
20% of cases, the test instances were cross-lingual articles containing named entities that were
not sufficiently present in Wikidata knowledge graph. This result provides a foundation for
future research in several directions, namely dynamic modeling of source credibility,
introduction of satire features, and integration of multilingual knowledge graph. Overcoming

of these limitations could enhance the performance of the proposed classifier even more.

6. Conclusion

This research study presented the HGAT-BERT framework to detect fake news by
using the textual contents, social propagation patterns, and knowledge graph information by
using a single architecture. This model takes advantage of both the heterogeneous graph
attention network and cross-modal attention fusion module. Experiments on the FakeNewsNet
dataset showed the efficiency of the proposed method when compared with current baselines
with an accuracy of 93.7% and F1-score of 93.2%. The effectiveness of the components used
in HGAT-BERT was also validated by the ablation studies. However, the limitations in
adapting to the dynamically evolving nature of fake news and temporal data distribution shift

still existed.
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