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Community detection based on structure and fitness

GAO Qihang, JING Liping, YU Jian, LIN Youfang
(Beijing Key Lab of Traf fic Data Analysis and Mining, Beijing Jiaotong University, Beijing 100044, China)

Abstract: Many systems can be described as complex social networks, and increasing attention has been
paid to the detection of social communities out of complex social networks. Structured-based community
detection can be achieved locally without knowledge of the overall situation. The community fitness
characteristics of social networks can help to identify community structures at different fitnesses. A new
algorithm based on structure and fitness was proposed to test large generated networks and real networks.
Experiments had shown its better efficiency and higher accuracy.
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Fig. 1 Different social networks
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Fig. 2 Structural feature between nodes
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Fig.3 Demo of community fitness
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Fig. 4 Results of community detection with changes of node number
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Fig. 5 Results of community detection with changes of average node degree
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Tab.3 Results of community detection
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