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Vertex—based Incremental Algorithm for Dynamic
Communities Detecting

GU Yan,XIONG Chao
(School of Computer Science & Technology,Nanjing University of Posts and

Telecommunications , Nanjing 210023, China)

Abstract : Currently ,most ways of community detection in dynamic complex networks belongs to separate observations on nonce time
nodes without utilization of community structural information on former time nodes, thus more redundant computation has been genera-
ted. To solve this problem,on the short—term smoothness assumption that the dynamic community networks could not generate too many
changes in short—time interval,an incremental clustering algorithm for detecting dynamic communities has been proposed. The universal
gravitation in physic field has been introduced into community detection and mutual forces has been defined between nodes in dynamic
community. The community adscription of the node has been analyzed and adjusted through comparison of the mutual forces based on the
difference between ¢ —1 and ¢ interval so as to detect dynamic community quickly and accurately at ¢ interval. Results of experiments on
Enron email dataset show that when the network has more than 104 vertices, the proposed algorithm can detect community structures with
modularity at around 0. 53 within about two minutes and is more efficient than other algorithms, and thus it can detect dynamic communi-
ty structures quickly and accurately.
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