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Algorithm for Mining Bipartite Network Based on Incremental Modularity
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Abstract Aiming at mining communities from bipartite network, an algorithm based on incremental modularity was
proposed. The algorithm assumes that each vertex constitutes a community by itself with its own label. A part of the
vertex copies its own label and passes it to a vertex on another part,so that it is located in the same community,and
then it performs the same operation on the vertices of another part,and repeats iterations until convergence. In label

propagation, the algorithm chooses the edge with the largest incremental modularity,so that the overall modularity is

constantly improving. The experimental results on real datasets show that the proposed algorithm can mine high quality
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communities from bipartite network.
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