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Abstract
nology is of great significance to excavate the deep potential structure of complex network. This article presents an

With the continuous expansion and complexity of network structure, overlapping community discovery tech-

overlapping community detection algorithm based on time time-weighted. Considering the time factor of user interest,
this method constructs a user-user graph with time-weighted links. Then, the global similarity of users is calculated based
on the influence of network nodes. On this basis, the centrality of nodes is calculated as an important index to measure
the impact of nodes on community structure, and a method to select community centers is proposed. Finally, overlapping
community detection is realized by iteration of utility function. The proposed algorithm is validated by artificial network
and real network. The experimental results show that compared with traditional community discovery methods, the pro-
posed algorithm outperforms many existing overlapping community discovery algorithms in terms of community discovery

quality and computational efficiency.
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Oy > B, MISTIAHEIC HEAT 436, A B LA
UAEE S M54 44 1.

3 LWEMEERT
3.1 LIn¥IEE

1) N L& Edinte

LFR FEAERE PRI k) 12 Al N T 38 )
2 A R T PR kg LA A 1) W9 % mT DAAR G Hb 32 7
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Table 1  Parameter setting of LFR benchmark network
generation
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mu X IRA S
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Table 2 Artificial network datasets

ETRSS N k' Cumin  Cmax mu on om
S1 10000 20 50 100 0.1~0.7 1000 3
So 100000 20 100 200 0.1~0.7 5000 2

Ss 10000 20 100 200 0.1 1000 2~7

2) F M A

SRR R e = A M £ T 2 2 v E )
AN TL S ) 2% A A 0 A B 4R SOV HEAT IR, B
i Zachary 75 F-1EAH SRR E 2 8 R WL (Karate)
KA S M 4% (Dolphins). 52 E A 10 M 4% (Pol-
books) 13 [H K27 2 BRM 2% (Football) 4%. 43¢
ML T A AT 1 S S8l £ Polblogs Al
DBLP. $iifieank 3 prox
3.2 KWHZESITMER

H TR EEASCER Y TWOCD Skt fg, 1EH
H i & AL ORI 5% CPMEP . COPRAP
LEFMOO) 56 Ll 586 of b sz 560K 26 A 17 i N LA 42
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®3 AR

Table 3  Real datasets
G e 1 R Pk TR
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3.3 2% o [ BEREIESLE

S o e AR AL T A E I,
L% il e S AL 15 45 40 2R 5 B A A SR AR BB U 5
AT LR RN, T S 30 o AR SCEAEALIX ORI
g R e, AL A X A R R RS
o HUE AR ORISR Q (2 mifh i, 18] 1
57~ Polblogs ##afE &Rl o {HAF Q (I FEMAIE.
WIS E 1 b K A FME R Q {45, mTih
FRM K = 2 Mt a8 s, X2 M T Polblogs
B A A HE TR S SR E T SO AN R
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0.25[ e,
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K1 Polblogs ¥tk 24 o X Q ML R
Fig.1 The influence of different o on the @ in Polblogs
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Table 4 NMI experimental results of different

algorithms on S1 under different mu value

mu 0.1 0.2 0.3 0.4 0.5 0.6 0.7
TWOCD 0.53 045 034 024 023 0.22 0.22
COPRA 085 0.79 0.71 0.62 042 0.22 0.22

CPM 082 08 062 048 021 022 0.22
LFM 0.52 042 035 0.22 022 022 0.22
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NMI experimental results of different

Table 5

algorithms on S2 under different om value

om 2 3 4 5 6 7 8

TWOCD 092 095 088 084 0.78 0.72 0.75
COPRA 093 09 083 078 071 065 0.6
CPM 092 0.87 081 0.78 0.69 0.62 0.62
LFM 0.76 0.68 066 0.67 065 066 0.5

K6 LT NTNKSE on BUAS R %5
VEAEN T4 S3 1 NMI 256 45 5. S50 on [
KEREMG R ELZ R bR ETESIX. HER
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Table 6 NMI experimental results of different

algorithms on S3 under different on value

on 1000 2000 3000 4000 5000 6000 7000

TWOCD 095 095 0.89 0.76 0.67 0.56 0.38
COPRA 089 083 0.78 0.58 0.32 0.21 0.21
CPM 0.82 0.84 0.79 0.7 0.6 0.47 0.28
LFM 043 033 0.23 023 024 024 0.24
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Fig.5 Comparison results of different algorithms on

real networks
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Table 7 Comparison results of different algorithms on different parameter in real networks
Data set LFM COPRA CPM TWOCD
o Q v Q k Q a, B Q

Karate 0.8 0.813 2 0.825 2 0.823 0.4, 0.8 0.8463
Football 1.1 0.645 2 0.656 4 0.707 0.4, 0.8 0.7246
Doplphins 0.8 0.812 6 0.821 5 0.924 0.3, 0.7 0.9005
Polbooks 0.9 0.634 8 0.717 8 0.795 0.4, 0.9 0.7342
Folbogs 1.4 0.122 2 0.466 6 0.625 0.4, 0.8 0.6257
DBLP 0.8 0.787 9 0.745 3 0.797 0.4, 0.8 0.8143
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