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Overlapping community detection algorithm by label propagation
using PageRank and node clustering coefficients

MA Jian, LIU Feng, LI Honghui, FAN Jianping
(School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044, China)

Abstract; Considering the fact that the community detection algorithm based on label propagation can detect overlapping community structures
of complex networks, an overlapping community detection algorithm COPRAPC ( community overlap propagation algorithm based on PageRank and
clustering coefficient) was proposed. The algorithm used PageRank algorithm to rank the influence of nodes, which can stabilize the community
finding results. The parameter of node clustering coefficient was a node-related parameter, which can be used to modify the parameters of the
algorithm and limit the maximum number of labels each node, so as to improve the quality of community mining. Experiments on artificial networks
and real-world networks show that the algorithm can effectively detect overlapping communities, and the algorithm has acceptable time efficiency and
algorithm complexity.
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0, 2 2 2 2

0,/N 0~0.5 0~0.5 0~0.5 0~0.5
mu 0.1 0.1 0.3 0.3
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Tab.3 Parameters of real-world networks

e Mg RiNEE U HEIX AL
Zachary'
wmYE Ly 78 2
club
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3 football 115 613 12
4 Jazz 198 2742 —
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105 441 3
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6 E-mail 1133 5451 —
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Tab.4 The Qov values identified by CPM,
LFM, COPRA, and COPRAPC

Qov CPM LFM  COPRA BMLPA COPRAPC

Zachary's
b 0.1814 0.5939 0.4873 0.7000 0.7409
clu

dolphins 0.3558 0.6868 0.7021 0.7700 0.604 5
football 0.6001 0.5065 0.6230 0.6574 0.6716
Jazz.  0.6152 0.6996 0.7275 0.7058 0.7277

political
0.6779 0.8336 0.7802 0.7583 0.863 8
books

E-mail 0.3541 0.098 0.5600 0.6779 0.7916

%5 CPM, LFM, COPRA, BMLPA and
COPRAC &AM EQ 1B
Tab.5 The EQ values identified by CPM, LFM,
COPRA, and COPRAPC

EQ CPM LFM  COPRA BMLPA COPRAPC

Zachary's
b 0.1147 0.3447 0.3523 0.3678 0.3900
clu

dolphins 0.288 5 0.3894 0.5059 0.4206 0.497 4
football 0.5593 0.5362 0.578 8 0.5385 0.5897
Jazz  0.0043 0.2836 0.4137 0.4297 0.4319

political
0.4308 0.4541 0.5135 0.5054 0.5189
books

E-mail 0.2641 0.2120 0.061 1 0.0428 0.0362
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Fig.5 Experiment results of runtime efficiency
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