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MMM ERTEFTH A THELLER — ARG MMEREE. L E Tl A B8 AT 7 G AL
TaBEGTE, ATHPRAGEARET —HAAHRT EREMNAR 9 £ &4 KL IHF % (Local and
wave-like extension algorithm of detecting overlapping community, LWS-OCD), & A 43 £ Loy 5
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Overlapping Community Detection from Local Extension in Directed Graphs

Zhang Haiyan'”, Liang Xun', Zhou Xiaoping'

(1. School of Information, Renmin University of China, Beijing, 100872, China;

2. Institute of Mathematics and Computer, Ningxia University, Yinchuan, 750021, China)

Abstract: Most of the previous research on community detection are mainly based on the undirected graph
structures. However, in actual complex networks, the links relation usually shows the asymmetric char-
acteristic or directionality, such as citation network of scientific papers, the one-way follow relationship
on Twitter, and hyperlinks between web pages. Therefore, based on the propagation of information and
the direction of information transmission, a k-Path conception and calculation method for measuring the
similarity of co-community neighboring is presented to weigh possibility of nodes in the same community.
Furthermore, the method of transferring directed graphs into undirected graphs with similarity of weight
is presented. Then the local extension algorithm of detecting overlapping community based on weighted
undirected graphs is proposed. Several experiments on the real data sets are conducted and analyzed. Ex-
perimental results demonstrate that the 2-Path conception can achieve the reasonable conversion for di-
rected graph and improve the effectiveness of the community gathering nodes. Finally, the results show
that the algorithm can detect the overlapping community effectively.

Key words: directed graph; community detection; co-community neighboring similarity; weighted undi-

rected graph; overlapping community
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Fig. 1 Classification of community detection in undirected network
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Fig. 2 Computational complexity of co-community similarity
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