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Abstract

Bipartite network is a special kind of network,which plays an important role in exploring the deep structure

of the network. However, the methods of dividing the bipartite network community still have some problems,such as

low precision of division. Through the application of normalized spectral clustering algorithm,an algorithm of detecting

community- spectral clustering interaction (SPCI) was proposed. First,a similarity matrix is constructed based on the

relationship between two kinds of nodes. Then,a cluster is clustered by spectral clustering algorithm. Finally, the com-

munity partition of two points network is realized by using two kinds of node’s interaction index. Through the verifica-

tion on artificial data and real data,the result shows that SPCI not only has higher accuracy and modularity than the al-

gorithm based on resource distribution matrix,edge clustering coefficient and spectral co-clustering, but also can accu-

rately determine the number of community partition.
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