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Abstract In recent years, the problem of detecting communities from bipartite network has drawn much attention of re-
searchers, This paper presented an algorithm based on generalized suffix tree for detecting communities from bipartite
networks, The algorithm firstly extracts the adjacent node sequence for each node from the adjacency matrix of the bi-
partite network,and constructs a generalized suffix tree. Each node in the generalized suffix tree represents a complete
bipartite clique. Then the algorithm extracts and adjusts those cliques. The closeness of two cliques is introduced to form
initial communities. Finally,isolated nodes are processed to get the final community partition. The proposed algorithm
can detect overlapping communities,and is able to get one-to-many correspondence between communities. Experimental

results on the artificial networks and real-world networks show that,our algorithm can not only accurately identify the

number of communities from bipartite networks, but also obtain high quality of community partitioning.
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