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based on graph convolution network
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Abstract: In social networks, Spammer send advertisements that are useless to recipients without the recipient's
permission, seriously threatening the information security of normal users and the credit system of social networking
sites. In order to solve problems of extracting the shallow features and high computational complexity for the exist-
ing Spammer detection methods of social networks, a Spammer detection technology based on graph convolutional
network(GCN) was proposed. Based on the network structure information, the method introduces the network rep-
resentation learning algorithm to extract the network local structure feature, and combines the GCN algorithm under
the re-regularization technology condition to obtain the network global structure feature to achieve the goal of de-
tecting Spammer. Experiments are done on social network data of Tagged.com. The results show that this method
has high accuracy and efficiency.
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