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Rumor Source Detection in Social Networks via Maximum-a-Posteriori Estimation

BAO Zhi-qiang and CHEN Wei-dong

School of Computer Science,South China Normal University, Guangzhou 510631, China

Abstract With the popularization of Internet,information can be transmitted to the public at an extremely rapid rate through In-
ternet. But at the same time, some abnormal information, such as rumors, has been flooded with the cascade effect of Internet.
How to quickly and accurately identify the source of a rumor spreading under a complex network becomes an urgent problem to
be solved. This paper proposes a source localization algorithm in social networks. Different from some existing methods based on
Maximum-a-posterioritMAP) probability estimation, this method first considers the influence of global and local infected nodes
and non-infected nodes,and proposes a better MAP prior probability estimation(PPE) calculation mode. Then,asocial network is
sparsified through a greedy algorithm based on minimum spanning trees. which makes the likelihood estimation(LLE) calculation
in MAP more consistent with the real propagation structure. Finally,a new MAP value is used to estimate the possibility of a
node as the source of propagation in the social network as to locate the source of the rumor more accurately. The proposed me-
thod is compared with some existing methods by an experiment on some model networks and real networks,and experimental re-
sults show that the proposed method is superior to these existing methods of locating the rumor source.

Keywords Rumor source,Source location, Sparse network, Maximum-a-posteriori estimation,Social network
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