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A Community Detection Approach Based on Network Embedding

WANG Rui-guo  YE Ya-ling BU Zhan

(Department of Software Engineering, Nanjing University of Finances and Economics, Nanjing 210013, China)

Abstract In social network,the network topology information and the node attribute information ex-

ist in heterogeneous forms simultaneously. And how to effectively integrate the heterogeneous information

for community detection has become a hot research topic in the field of social network analysis. Firstly,we

use the topological structure information of social network and the node attribute information to construct

the initial feature matrix respectively;Secondly, we build the consensus embedding matrix based on the net-

work embedding model and the principal component information of the initial feature matrix; Finally, we

provide the general definition of the “leader node” and propose an improved K-means algorithm (LIK-

means)to mine the potential communities in the social networks. In the experiments,we choose eight classic

community detection algorithms as the benchmark methods and verify the effectiveness of the LIK-means

algorithm on real social network datasets.

Key words community detection;network embedding;leader node; LIK-means



