MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
2025,34(2):237-245 [doi: 10.15888/j.cnki.csa.009766] [CSTR: 32024.14.csa.009766] http://www.c-s-a.org.cn
O R 27 B AT W I AL A Tel: +86-10-62661041

BT B MBS RTFEFE MR EREE N OB
R, BRI, AR, R :
AR TR TENLER, T 510006)

ME/E: 22K, E-mail: thli20180910@gdut.edu.cn
O T RO EAS I 55 A AR AT WS 1R ] SO 1018 R e & (R B B T ARG R, R T
AR TR SO (B [ AR RR R 7, ASSCHR T — T 5 507 PRI 3 7 I 4% £ R S P A . et 3 [ o A
ISCAS . FrJ@ el FRAE 2 FE S, ME 1 S it B, DU AR (80T I () =F & SR AR /R RFIEJE SR o Pl Y
LA SR RIS L2 IR 055 2R, 70 R A JE BN T B 7% 7 190 S5 900 3 T A ) s . [ 3 1 W v Ee 2
(¥ LA IR AL i) 3 4 S TR ) i 0 S ek 1 R SR AR, DA SO I A PR S k. S0 45 SRR WA, AR SRt A 5 VR A
Liar 345 EARLLEUE iR HER 3RS F1E 2 BIHE 129 9% A1 12% FOFTE, B384 Tt 1 ke (T i A 0l i ek .
KRHEIA: S BOHT AU S of I 1 I TR TR %t e B L )

5] % %%1%,%?%}1&%,%&%,%%@.%?5 MBS T T PR R I 5% 1) R AT T RS . SR R 4 FH,2025,34(2):237-245. http://www.c-s-a.
org.cn/1003-3254/9766.html

Fake News Detection Based on Self-supervised Heterogeneous Subgraph Attention Network

LI Ming-Wei, CHEN Hao-Peng, LI Feng-Huan, CHEN Chen
(School of Computer Science and Technology, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: Since existing work on the task of fake news detection frequently ignores the semantic sparsity of news text and
the potential relationships between rich information, which limits the model’s capacity to understand and recognize fake
news, this study proposes a fake news detection method based on heterogeneous subgraph attention networks.
Heterogeneous graphs are constructed to model the abundant features of fake news, such as text, party affiliation, and
topic of news samples. The heterogeneous graph attention network is constructed at the feature layer to capture the
correlations between different types of information, and a subgraph eitj[ention network is constructed at the sample layer to
mine the interactions between news samples. Moreovers the mutual information mechanism based on self-supervised
contrastive learning focuses on discriminative subgraph representations within the global graph structure to capture the
specificity of news samples. Experimental results demonstrate that the method proposed in this study achieves about 9%
and 12% improvement in accurécy and F'1 score, respectively, compared with existing methods on the Liar dataset, which
significantly improves ihe performance of fake news detection.
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