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Influence Maximization on Multi-Social Networks Based on Bridge Users

ZHAO lJia-Xu, CHEN Zhi-De, LUO Jian
(College of Mathematics and Computer Science, Fujian Normal University, Fuzhou 350007, China)

Abstract: The influence maximization on single network has aroused widespread concerns and has become a research
hotspot. However, there is a trend of information exchange between multi-social networks. The bridge user (BU), which
refers to the user that has multi-accounts on multi-social networks, has the ability to share the inforrnatign from one social
network to another. Due to this, information spread is not limited to a single network. In this paper, we study the influence
maximization on multi-social networks. We analyze the role of bridge user in rr%ulti-social networké information spread
and propose a multi-social network aggregation algorithm based on bridge users, then"we solve the problem of influence
maximization on multi-social networks based on aggregate graph. Experiments solve the problem of influence
maximization on multi-social networks and confirm the.role of b’ri(ige users in the information spread on multi-social
networks.

Key words: influence maximization; bridge useré; multi-social networks; information spread; aggregate graph
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