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Two-stage Community Discovery Algorithm
for Multi-point Seed Prepartition

TONG Shuai  CHEN De-syun  YANG Hai-u
( School of Computer Science and Technology Harbin University of Science and Technology Harbhin 150080 China)

Abstract: Community detection is an important content in the field of online social networks research. The
community detection algorithm based on seed expansion has the characteristics of low time complexity high
recognition accuracy and is not restricted by the shape of the community. In recent years it has been widely used
in local community discovery of complex networks. However this method does not consider the correlation between
seeds when selecting seeds so the number of identified community structures is large and the structure is loose.
Aiming at this problem a two-stage community discovery algorithm for multi-point seed prepartition was proposed.
First high-impact nodes in the network are identified and high-impact nodes are aggregated using the k-means
algorithm to obtain high-impact community clusters. Next an attractiveness measurement function is proposed to
selectively merge the remaining nodes in the network into the community cluster to complete the community
identification task. The experimental results show that the two-stage community discovery method can find
community structures with larger sizes and fewer numbers and then capture the association between groups at the
meso level.
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Tab.2 Characteristics of real networks
Network Node Link d Community ICl References
Karate 34 156 4.58 2 17. 00 1221
Dolphins 62 318 5.12 2 31. 00 1231
Polbooks 105 880 8.38 3 35.00 1241
Football 115 1226 10. 66 12 9.58 1251
Amazon 16 716 97 478 5.83 1163 15. 16 1261
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Tab.3 The characteristics of DBLP network
Network( Lable) ICl Node Link d Community ICl
DBLP( 0) (010 24210 131 300 5.42 3524 7.28
DBLP( 1) (10 20 14 540 91 872 6.31 1100 13.85
DBLP( 2) (20 30 3240 21708 6.70 136 24.12
DBLP( 3) (30 40 1338 10 352 7.73 39 34.30
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DBLP( 6) (100 200 1492 9670 6.48 10 150. 50
DBLP(7) (200 300 1341 6618 4.93 6 232.83
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Tab.4 Algorithm performance indicators on real networks
Network Criteria TSCDA Clauset LWP Chen LS LCDMC VI
NMI 1.00 0.29 0.51 0.41 0.45 0.50 0.39
KArate
F-Score 1. 00 0. 64 0.71 0.48 0.76 0.79 0. 80
NMI 0. 45 0.18 0.28 0. 06 0.08 0.44 0.37
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F-Score 0.73 0.42 0.41 0.19 0.25 0.70 0.73
NMI 0.48 0.26 0.29 0.10 0. 01 0.39 0.39
polbooks
F-Score 0.76 0.49 0. 46 0.23 0.03 0.62 0. 62
NMI 0.51 0.51 0. 60 0.55 0.53 0.53 0. 81
football
F-Score 0. 66 0. 66 0.63 0. 61 0.56 0. 64 0. 88
NMI 0.72 0.56 0. 62 0.63 0.74 0.91 0.91
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F-Score 0.74 0.61 0.65 0.67 0.76 0.93 0.93
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