http: /www. jsjkx. com

DOI:10. 11896/jsikx. 201100010

St A 2

ETFEZHMNRMHERRARE

RitliE ®REX B &
MEA¥REERAES TE%ER K 410000

H E AAMARAALFAFTARMNFPFERTARZIL AR EEARLILFPHTH S LR A R R
A EBET AT TFALEHG ALK LI A X (Subgragh Structure Based Overlapping Community Detection, SUSBOCD) ,
ZHERET ANV EETRZBEIRAR ARETETVT AN EX T AT RTAEANEEEERE., 4. L8R
AT EEELERRRGTEARS LA RAMMAGAEET L FZAAATERLALLENT EESFBR—AMEFTTHE,Z
WAk RIBAT BB AT A N LA B 5 2R ARSE AT F B 69 AR R AS B BEAT AR LR F) BT, 5 AR 4 ) BEAT A5 L AR B R 3 AR R
M HET RZIRANNTANTTEBGFERE, FARBETRMLE, EHFERSBRARX T E, WKL A2 R A8
Mg AR  BE T ER ARG MBHAREN, EAIRBEFAEHBEE L PRI FHTERRIE, FREREAN,
51 4bF &4 R ZIH %A, SUSBOCD A % £ ONMILEQ # Omega iX 3 N3N 35 47 L3 A AT IT, Pz ik se A 2 32
BEEFHRAOXNS>RE,

KBR.EEARZI;ATT AT ERGARY & A RKEMR

HEESES TP391

Overlapping Community Detection Algorithm Based on Subgraph Structure

CHEN Xiang-tao,ZHAO Mei-jie and YANG Mei

College of Computer Science and Electronic Engineering, Hunan University,Changsha 410000, China
Abstract Local community detection algorithms usually select seed nodes for community detection. To improve the quality of ef-
fectiveness of seed node selection,we propose an overlapping community detection algorithm based on subgraph structure(SUS-
BOCD). This algorithm proposes a new measure of node importance, which not only considers the number of neighbors,but also
considers the degree of density between neighbors. First, SUSBOCD selects the most important node that is not visited and the
most similar neighbor node.and merges the two nodes and their common neighbor nodes to form an initial seed subgraph. The
process runs iteratively until all nodes have been visited. Second.the similarity is judged according to the neighborhood informa-
tion of the seed subgraph. If it is similar,it is merged to form the initial community structure. The process runs iteratively until all
seed subgraphs are visited. Finally,we optimize the community. If there are nodes without assigned communities, they are added
to the most similar community.and then the community structure with high overlap is merged. Experiments on real and artificial
networks show that SUSBOCD can improve the quality of overlapping community partition effectively in the three evaluation in-

dexes of ONMI, EQ and Omega.

Keywords Overlapping community detection, Local expansion,Seed selection, Community expansion, Community optimization
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Table 1 Real dataset information
Networks n m k
Karate 34 78 4.58
Dolphins 62 159 5.13
PolBooks 105 441 8.4
Football 115 613 10. 66
Email 1133 5451 9.62
NetScience 1589 2742 3.45
ca-HepTh 9877 25998 5.26
ca-CondMat 23133 93497 8.08
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Table 2 Parameter design of four combination network

LFR N K MaxK MinC MaxC om on
0. 1IN~
L1 1000 15 50 10 50 0. 2 »
0.5N
L2 1000 15 50 10 50 2~8 100
L3 1000 15 50 10 50 0.1~0.6 2 100
1000~
L4 50 10 50 0. 2 0.1N
10000
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Table 3 EQ values in different real datasets
EQ LFM Copra CPM Demon SGE OCDNW rSEOCD  SUSBOCD

karate 0.3320 0.3519 0.1858 0.0376 0.3833 0.3947 0.3459 0.4000
dolphin 0.4078 0.3936 0.3612 0.2653 0.2915 0.5032 0.4787 0.5153
football 0.3799 0.5925 0.5549 0.2299 0.2825 0.5322 0.5410 0.5838
polbooks 0.4934 0.5085 0.4409 0.2217 0.2371 0.5146 0.4701 0.5110
email 0.1215 0.3641 0.2641 0.0676 0.1288 0.3945 0.3683 0.4181
netscience 0.8579 0.8392 0.7044 0.6358 0.7117 0.8716 0.8044 0.9065
ca-HepTh 0.2917 0.6000 0.3685 0.2373 0.2813 0.5575 0.4800 0.5725
ca-CondMat 0.2917 0.5670 0.3053 0.1630 0.2406 0.4810 0.4777 0.4972
M 0.3970 0.5271 0.3981 0.2323 0.3196 0.5312 0.4958 0.5506
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Table 4 Average improvement percentage of the SUSBOCD algorithm

in the L1 group network relative to the comparison algorithm
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WFMAEHE  LFM  Copra CPM  Demon SGE OCDNW  i-SEOCD
EQ 6.1 -2.3 2.3 55.7  41.7 —1.0 2
Omega 2.7 3.3 5.8 2285.5 49.7 15.1 8.1
ONMI  —0.8 9.0 5.1 54.8 2.5 10.7 8.2
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Table 5 Average improvement percentage of the SUSBOCD
algorithm in the L2 group network relative to the comparison
algorithm

CHAT 2 %)
FH4EHR LFM Copra CPM  Demon SGE  OCDNW i-SEOCD
EQ 149.3 —0.1 2.0 95.6 65.3 0.1 1.8
Omega 5 1.4 —5.6 135.4 65.7 9.5 11.0
ONMI 36. 6 18.0 0 28.1 20.4 5.2 13.9
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Table 6 Average improvement percentage of the SUSBOCD
algorithm in the L3 group network relative to the comparison
algorithm

CHAL 20
FMAEAE  LFM  Copra CPM  Demon SGE OCDNW i-SEOCD
EQ 95.6 33.3 29.6 267.8 93.2 67.0 74.8
Omega 194.3 6.9 30.8 920. 1 64.9 53.4 39.9
ONMI 1.1 3.6 27.3 108.5 10.3 127.8 33.4
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Table 7 Average improvement percentage of the SUSBOCD
algorithm in the L4 group network relative to the comparison
algorithm

(AL )
FH4EF LFM  Copra CPM  Demon SGE OCDNW i-SEOCD
EQ 3.5 —0.1 0.5 23.2 103.8 —0.2 1.5
Omega 2.9 1.6 0.8 53.6 64.7 8.1 9.5
ONMI 0 1.9 2.0 17.0 5.5 6.9 10.6
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Table 8 Comparison of the number of communities in different LFR benchmark network datasets

N True LFM Copra CPM Demon  SGE OCDNW -SEOCD SUSBOCD
1000 41 41 39 41 40 93 41 43 41
2000 69 76 69 69 70 198 69 78 69
3000 100 108 101 104 101 360 100 102 100
4000 131 151 134 142 145 409 137 150 137
5000 168 186 166 173 179 519 169 182 168
6000 207 221 204 214 219 643 209 215 207
7000 234 250 232 237 236 703 237 246 234
8000 268 292 261 268 283 797 269 269 268
9000 302 326 294 312 321 971 304 303 302
1000 328 352 321 334 347 1062 328 345 328
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