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Community detection algorithm based on dense subgraphs

ZHENG Wenping', ZHANG Haojie' , WANG Jie"’
(1. School of Computer and Information Technology, Shanxi University, Taiyuan 030006, China; 2. Key Laboratory of Computation In-
telligence and Chinese Information Processing, Ministry of Education, Shanxi University, Taiyuan 030006, China)

Abstract ; The density—based graph clustering algorithm has been widely used in community detection. However,
because it identifies a community by searching a partially dense subgraph in the network , many nodes do not consti-
tute a dense subgraph and are therefore difficult to cluster. In this paper, we present a soft clustering algorithm
based on dense subgraphs ( BDSG) for detecting communities in complex networks. First, we propose a method for
detecting the central communities. Next, we define the degree of community attribution of a node, and put forward
a core community extended strategy. Finally, we obtain the clustering results of a network. Compared with the
clique percolation method (CPM) , k—dense algorithms from Zachary’s Karate Club, the dolphin social network ,
the American college football network, the email network , and the collaboration network , BDSG shows considerably
better performance with respect to modularity and time efficiency. In addition, the proposed core community extend-
ed strategy may improve the effectiveness of the clustering—methods—based density, such as that in CPM, k—dense
algorithms, and others.

Keywords : complex network ; community detection; graph clustering; soft clustering; density; core extended strat-
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Fig.1 The analysis of subordinate vertices in zachary’s

karate club
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Table 2 The comparison of the clustering results among different datasets
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