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Abstract As a meso-scale feature of complex networks,community structure is of great significance for understanding the struc-
ture and property of networks. Unlike unsigned networks, signed networks include positive and negative edges, which represent
friendly and hostile relations,respectively. When forming a community.a node usually chooses to be in the same community with
friends,but in different communities with enemies. Based on this idea,a game theory model for community detection in signed net-
works is constructed,and a related algorithm is designed. Experimental results show that the algorithm performs well in identi-
fying non-overlapping and overlapping communities. In addition, the efficiency of the algorithm has been verified,and an optimiza-

tion method, which can effectively improve the efficiency of the proposed algorithm,is proposed.
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