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Spammer Detection Based on Duplicate Microblog Post

Wu Bin, Li Guanchen, Liu Yu, Zhang Lei, Wang Bai

(School of Computer Science, Beijing University of Posts and Telecommunications, Beijing, 100876, China)

Abstract: As the social networks (such as Sina Weibo) become more and more popular and significant,
spammer’s behavior severely affects the credibility and readability on social network platforms. A spam-
mer detection model along with the algorithm is proposed based on duplicate detection of microblog posts
to detect spammers on Weibo platform. Based on analyses of real-world data, the model is built by con-
sidering user behavior information, user social network information and content information. Experi-
ments on a collection of real Weibo data shows the effectiveness of the proposed model. Parameters’ im-
paction to the model is also studied. The improvement of incorporating behavior information, content in-
formation and network information has been analyzed, hence the model is promising.

Key words: spammer detection; duplicate microblog post; topic model
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Table 3 Weibo posting time gap of random and spam users
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