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Local-first Detection of Overlapping Community and
Its Evolution Pattern in Dynamic Networks

PENG Yan,XI Liya
(College of Information Science and Engineering, Wuchang Shouyi University , Wuhan 430064 , China)

[ Abstract] Community detection is an important image mining problem,and the overlapping community detection and
the community evolution pattern in dynamic networks is a hot topic. However, There is no work on the integration of the
local-first community detection. This paper proposes a local-first analytical approach to analyze the evolution pattern of
the overlapping communities on dynamic networks. This approach detects the local Ego community via label propagation
on each network snapshot. Then, the global communities are generated via merging the local Ego communities
successively. In this process,the two concepts of the community similarity and community association are introduced,and
it analyzes the overlapping community evolution pattern via an evolutionary clustering framework. Experimental results
show that this approach not only detects the overlapping communities in dynamic networks effectively, but also analyzes
the evolutionary pattern.

[ Key words] dynamic networks ; overlapping community ; local-first; evolution pattern ; timing smoothing framework ; Ego
community
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