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Abstract

Multimodal fake news detection refers to a technology that identifies and classifies fake news by
integrating information from multiple modalities. Given that current fake news often encompasses
text, images, and complex social relationships, and existing models significantly lack in capturing
the structural information of social context, this paper proposes a multimodal fake news detection
framework based on Graph Isomorphism Networks (Graph Isomorphism Networks Fake News De-
tection, GIN_FND). By extracting multimodal information such as text, images, and social context
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from the news, the framework effectively captures the local dependencies and global associations
of nodes in the social graph through the use of Graph Isomorphism Networks, thereby enhancing
the model’s detection accuracy and robustness. Systematic evaluations on public datasets demon-
strate the effectiveness of the proposed method.
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Figure 1. Representation of Euclidean and Non-Euclidean Spaces
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Figure 2. Illustration of the WL algorithm aggregating two graphs for isomorphism testing
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RAAR I A RAT) IR
L=1L + chlassifj/ (17)

‘total
Hor, y FIT AT SRR R
4. L4
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Table 1. Statistics of dataset
= 1. JURESITER

News Pheme Weibo
#Real News 1428 877
#Fake News 590 590

#Images 2018 1467
#Users 894 985
#Comments 7388 4534
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CNN-Text [26]: CNN-Text DK SCAE BRI NRFAE, — i >3 37 [ Rk A T (B0 e D0 5 B
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PHESCARAE BAIAS B4 BURTEI 2 7%, A SR 56 1) 245 S B P A

ATT-RNN [27]: ATT-RNN FIH LSTM A BOCAAT B2 IERAE B, ERILH S B E
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MFAN [28]: MFAN & —Fh 2 AR AEE R IG0R 2%, @Iy E R ALHI A SO G AS KR
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K/NK 224%224, A TIZRIER ResNet [22 |7 RFIEGmtD . $Pa4E 2% FMER A 7:1:2 0 #I 2k, SE

DOI: 10.12677/csa.2025.154085 130 THEAURF 5 R


https://doi.org/10.12677/csa.2025.154085

a5

AR EAE LR, LI B E batchsize N 16, FERJISLECh O 8, IZREEIN 20 FeF R FERT 15 1152 LA
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Table 2. Results of comparison of different models on Weibo and Pheme datasets

2. FRIBERARES LRXEER

G R Acc Prec Rec F1
CNN-Text 0.71 0.70 0.72 0.71
MVNN 0.69 0.67 0.70 0.70
EANN 0.79 0.78 0.77 0.78
Weibo
ATT-RNN 0.80 0.78 0.82 0.82
MFAN 0.88 0.87 0.87 0.87
GIN_FND 0.92 0.91 0.90 0.90
CNN-Text 0.72 0.70 0.68 0.69
MVNN 0.70 0.71 0.72 0.69
EANN 0.77 0.75 0.74 0.75
Pheme
ATT-RNN 0.79 0.76 0.82 0.80
MFAN 0.86 0.86 0.85 0.85
GIN_FND 0.90 0.90 0.89 0.89
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HH R AL B 2 7 TR I 5
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FEEREWERESR, FRFRIEER .
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