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Research on fake news detection based on social knowledge graph

ZHANG Taozheng', GUO Jiaqi
(School of Information and Communication Engineering, Communication University of China,
Beijing 100024, China)

Abstract: Social knowledge graph can take into account both knowledge network and social information.
Considering the propagation characteristics and the knowledge information of fake news, in this paper a
social knowledge graph for fake news detection was constructed by using graph neural network and
translation model. Firstly, the social graph and the knowledge graph were constructed respectively. The
detection of fake news was realized through the feature extraction of the graph. Secondly, entity
alignment to integrate the constructed graph was used. The construction of social knowledge graph and
the detection of fake news were completed. Then, the detection results of fake news with this paper's
model and baseline model were compared. It is proved that the fake news detection model based on
social knowledge graph can effectively detect fake news. Finally, Neo4j was also used to visualize the
graph of the sample news.
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