8B 2 M W26 15 £ R 2 At Vol.8 No.2
2022 44 H Chinese Journal of Network and Information Security April 2022

E TR E B m b At Xt &

IR, IR HmRE FEKL IER7
(1. MR TR 22 TR 22, RRYL MRV 1500015
2. MUREE TR Ogidfd) THENBHE S HAR SR, (AR Bl 264209)

W OE: AN RIS T E RSS2, LRSS R BT AR PR A2 2% 9 45 FR) A X
gikd, [ MRS P SCRE, W AEHERE . BRI AT . BN R P AR R AL DRI ) L, B T
BT HRAL R W BOAL X RISV —— TS-LPA. TS-LPA SR R AR 3k ) AR AR 1Y ni AL i e, OF
FEBEEERS B, AU S BT RS A B SRS R, SR TR KPP O R AR R AR Y R L PR 2
VRIS ) o Prde SARAE VT ST b O PR AL A2 T 1Y m b 28 ST AR R 145 RSB PR SR T
B T SEAE BOR I R R IANEROE o AR RS SORT A RE R, D 1 SEA ORI A0 Y R AR SRR HEAT AR
R, TS-LPA R FEARSCALARAEAR, B2 T 28 I BUR AL 7o bR B TR IR (%, 1558
BT UK T A A i S AT R ISR AR R R, RIS DA T e P 08 O AR BB R 5
BORESE, BRARJE TG M4k, IR TR 515 O AR ORI RO R, IR S8 BT R AR R . AEAN
I P S Bt SR AN T BB R 1 S I 45 R 0 TR W, TS-LPA AR BRBEMLYE . R BLH L A PR 7]
I, AR T AR R

KRR AL ARZEALHE: itk RIS

HESES: TP311

MERFRERS: A

DOI: 10.11959/].issn.2096—109x.2021099

Two-stage community detection algorithm
based on label propagation

SUN Xueliang', WANG Wei’, HUANG Junheng®, XIN Guodong”, WANG Bailing”

1. Faculty of Computing, Harbin Institute of Technology, Harbin 150001, China
2. School of Computer Science and Technology, Harbin Institute of Technology, Weihai 264209, China

Wi HE: 2021-08—09; 2= BH3: 2021-10-08

WIEEE: FEM, gdxin@hitedu.cn

BEEUR: ERXELOPR (2020YFB2009502)5 H g i BHEARHIRY 55 2% % 1. (HIT.NSRIF.2020098); 111434 T ki
Wkt (2017CXGC0706)

Foundation Items: The National Key R&D Program of China (2020YFB2009502), The Fundamental Research Funds for the
Central Universities (HIT.NSRIF.2020098), The Key R&D Program of Shandong Province (2017CXGC0706)

LA AR, 8L SRIE, . TAREAL AR I B DRI SR D], ML £ B 2 A, 2022, 8(2):
139-149.

Citation Format: SUN X L, WANG W, HUANG J H, et al. Two-stage community detection algorithm based on label propaga-
tion[J]. Chinese Journal of Network and Information Security, 2022, 8(2): 139-149.



- 140 -

P4 515 B a2l

Abstract: Community detection is an important research topic of complex network analysis. The detection results
help to understand the community structure of complex networks and provide support for downstream tasks, such as
content recommendation, link detection. Considering the challenge of community detection in complex networks, a
two-stage community detection algorithm based on label propagation (TS-LPA) was proposed. The TS-LPA
algorithm quantified the propagation capability of nodes based on the extended neighborhood. Then a new
evaluation index was proposed to measure the probability of influence between nodes using the information of nodes
and the weight of edges in the network. Based on the calculation of node centrality, the algorithm determined the
updating sequence of node labels and the selection strategy of seed nodes, which eliminated the instability of the
algorithm in the updating process. The TS-LPA algorithm used the breadth-first propagation idea and introduced the
second-stage label propagation method to improve the quality of community detection. When label began to spread,
all neighboring nodes had an influence on the label of the related node. Meanwhile, the influence of neighboring
seed nodes was added to complete label updating, in order to reduce the dominance of neighboring nodes on the
updated node. The experimental results of different real data sets and synthetic data sets show that TS-LPA algorithm

can eliminate randomness and show strong stability while effectively improving the quality of community detection.
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Figure 1 Schematic diagram of label propagation algorithm
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Figure 3  An artificially generated network
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Figure 4 Schematic diagram of a network with two communities
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Figure 5 TS-LPA partition results in three real data sets
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Table 3 Atrtificial synthesis network parameters
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