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Abstract In capital markets,groups can be divided according to how closely traders are connected, resulting in specific communi-
ty structures. Community structure detection is one of the most interesting issues in the study of social networks. However, there
are few polynomial time algorithms that can detect the community structure quickly and accurately. Inspired by the famous theory
of modularity design optimization,in this paper,the idea of using a novel £-strength relationship to represent the coupling distance
between two nodes is proposed. Community structure detection algorithm is presented using a generalized modularity measure
based on the k-strength matrix. To obtain the optimal number of communities,a new parameter-free structure is adopted, which
uses the difference of eigenvalues of specific transition matrix as the boundary of community classification. Finally, the algorithm
is applied on both benchmark network and real network. Theoretical analysis and experiments show that the algorithm can detect
communities quickly and accurately,and is easy to be extended to large scale real networks.
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