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A clustering method for community detection on complex networks

LI Wei, YANG Xiaofeng, ZHANG Chongyang, TANG Kezong, YANG Jingyu
(Department of Computer Science, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract ; Community detection is important for understanding complex networks. Because of its high complexity,
community detection in complex networks has recently attracted significant interest from research groups. In this
work, a data analysis perspective was proposed for community detection on complex networks. First, based on the
network topology, the nodes of the studied network were projected as data points in a high-dimensional space, and
the network was associated with a data cloud. Second, principal component analysis (PCA) was used to reduce the
high-dimensional data cloud into a low-dimensional one, which kept the main structural information. Third, K-
means algorithms were used to find clusters of the data points in the reduced data cloud, which inferred the commu-
nities of the studied network. Experiments on datasets DGG (2-mode) and Zachary (1-mode) indicated that the
proposed method can reveal network communities effectively. The proposed method provided a novel perspective of
the community detection of complex networks.
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tion of clustering algorithm
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Table 1 Participants-events of DGG
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El E2 E3 E4 ES E6 E7 E8 E9 EI0 E11 EI2 E13 El4
P1 X X X X X X — X X — — — — —
P2 X X X — X X X X — — — — — —
P3 — X X X X X X X X — — — — —
P4 X — X X X X X X — — — — — —
PS5 — — X X X — X — — — — — — —
P6 — — X — X X — X — — — — — —
P7 — — — — X X X X — — — — — —
P8 — — — — — X — X X — — — — —
P9 — — — — X — X X X — — — — —
P10 — — — — — — X X X — — X — —
P11 — — — — — — — X X X — X — —
P12 — — — — — — — X X X — X X X
P13 — — — — — — X X X X — X X X
P14 — — — — — X X — X X X X X X
P15 — — — — — — X X — X X X — —
P16 — — — — — — — X X — — — — —
P17 — — — — — — — — X — X — — —
P18 — — — — — — — X — X — — —
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Table 2 The comparison of community detection on DGG

B P1 P2 P3 P4 PS5 P6 P7 P8 P9 PIO P11 P12 P13 P14 P15 P16 P17 P18
DGG41 1 1 1 1 1 1 1 1 172 2 2 2 2 2 2 2 2 2
HOMS50 1 1 1 1 1 1 1 172 1 NA NA 2 2 2 2 NA 2 2
P&C72 1 1 1 1 1 1 1 1 1 2 2 2 2 2 2 2 2 2
BGR74 1 1 1 1 1 1 1 NA 1 2 2 2 2 2/3 2/73 NA 2/3 2/3
BBA75 1 1 1 1 1 1 1 2 1 2 2 2 2 2 2 2 2 2
BCH78 1 1 1 1 1 1 NA NA NA 2 2 2 2 2 2 NA NA NA
DOR79 1 1 1 1 1 1 1 NA 1 2 2 2 2 2 2 NA NA NA
BCH91 1 1 1 1 1 1 1 1 1 2 2 2 2 2 2 2 2 2
FRE92 1 1 1 1 1 1 1 NA 1 2 2 2 2 2 2 2 NA NA
E&B93 1 1 1 1 1 1 1 NA 1 2 2 2 2 2 2 NA NA NA
FR193 1 1 1 1 1 1 1 1 2 2 2 2 2 2 2 2 2
FR293 1 1 1 1 1 1 1 2 2 2 2 2 2 2 2 2 2 2
FwW193 1 1 1 1 1 1 1 1 2 2 2 2 2 2 172 2 2
Fw293 1 1 1 1 1 1 1 NA 1 2 2 2 2 2 2 NA 2 2
BE197 1 1 1 1 1 1 1 NA 1 2 2 2 2 2 2 NA NA NA
BE297 1 1 1 1 1 1 1 1 1 2 2 2 2 2 2 2 2 2
BE397 1 1 1 1 1 1 1 1 1 2 2 2 2 2 2 2 2 2
S&F99 1 1 1 1 1 1 1 1 1 2 2 2 2 2 2 NA 2 2
ROBO0O 1 1 1 1 1 1 1 1 1 2 2 2 2 2 2 2 2 2
0SB0O 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 2 2
NEWO1 1 1 1 1 1 1 1 2 1 2 2 2 2 2 2 2 2 2
L&Y10 1 1 1 1 1 1 1 2 1 2 2 2 2 2 2 2 2
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