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Abstract The detection of overlapping communities is one of the main tasks of complex network analysis. The performance of
most existing methods based on local expansion and optimization are greatly affected by the selection of initial seed nodes and the
community structure significance measurement. Aiming at these problems,an overlapping community detection algorithm is pro-
posed based on local path information(LPIO). First.the local maximum degree points are selected as initial seeds, which will be
updated according to the label consistency of node’s neighborhood in the community to reduce the influence of the selection of ini-
tial seeds. To measure the various connection patterns between nodes in networks,a community fitness function is defined based
on local path information to obtain community structures from seed nodes. Finally, unclustered nodes are assigned to proper com-
munities according to the number of non-repetitive paths between the unclustered nodes and the community seed sets. Compara-
tive experiments on 4 labeled networks and 8 unlabeled networks with 7 classic overlapping community detection algorithms show
that the proposed algorithm performs well on overlapping standard mutual information(ONMI) , F, score,and extended modulari-
ty(EQ).

Keywords Overlapping community detection, L.ocal expansion and optimization,Community fitness,local path information
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Fig. 1 Network with two communities
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Table 1 Impact of v2; on community fitness
A X E N E G CyU oy} Gy C, Ul )
o(C) 0.311 0. 309 0.311 0. 309
fO) 0.875 0. 894 0.875 0. 894
con(C) 0.142 0.117 0.142 0.117
QO 0.137 0.158 0.137 0.158
LS (O 31.000 32.000 5.111 73.000
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Fig. 2 Ground-truth community segmentation results of Karate

network

TESE F P 2% v, JORE 7 5 ] REAT 1 22 190 265 2 i 1T 01 )
T2 LR BT fE A F T4 XY R, AT B 40
R BEAT SR 2 A4 KPR — A X, A5 KR A 4B R A
TR AR ZE RN A8 2 W0 L A 3R 45 M 2 e o T 2 Ak I
T R R BRI SR b A 00 e/ B T S AR E
S E R AR AT AL XY R, AT LR A XS R B AE AR
Pl 7 AR e KA AR X, SR 2 g TR IR - R
R AR
ik 2 XTI REEH Update(G,0)

AR G=(V,E) .4 X C

it R R e

LXFFHRA T 4 ve CoRIER (6) T4 AR AR 20 EN(v) 5
2./%Igz{u\ue(:,EN(m:EEi{;(EN(v)H;

3 EFIFN T A0 1o Sk,

3.2 Xy RiERE

B X R R F AT 5 B R A AT R AR B
X o X FEEAFF 5 Seed, 7 Fh F 4 Seed ¥ EF M S
HF B G[Seed U N (Seed) ] 138 17 5 2 A5 85 50 505 15 21 3
JRIERABIR N 9 4 DX 5 OQseca = {Cs, 505 Cs, Vo X Oseca T
A1 X AR A S5 AR A% A DX A R B L A A XY G O AT
P v A D B L U5 R X S A X

TREE S O A DX % A28 TP e TR, 2 X P AR AE
KBE T A A XA I i B AT 6B 2% 32 3 KBE Y ARy 52w g
At BEA IR LG M ik X 5 A /AR XA IR — AR K
MIFEX . Sy 7k At DAt BE G I AN B A X P T
P B A2 3 3 1 L O 1 SRR O A P A X T Y R A 4 — B
PE AL XY R B G IR IR YRR — B R R AL X
FESCT ST R T AR A — BovE A AT XA R R E X,

EXTGEXEEE) & 0={(C.C..CRERGH
— P X R S X C A< IENRE R i1 () E
(Lo sk B v MRS, S MS, 43l B X C,
FC; WFhT5E s Pues) FPrcs,) 5309010 S, FLS ;1 <8 38065 25 4
RO, Mt X C 5 C; RIKEEE L.

D(Pyes, | Paes;)) +D(Pucs) || Pucs)))
2

dis(C,.C;) = )

H o, D (P,ws’» H PN(S])) = X

€D

P (L = x)
P,\‘-(s’»(l:x)
log m
HRHE 8 S 7 45 A A DX TR) B B S 0 A 4 AR 1R B
R0 BT S E Seed ABIH Y AL K S5 H] Qseed = {Car 5 =+
Cs, ) 04t X FEAT & I, 459 B A 58 2k AR 4 X 43 e 45
ik 3 XY R Extend(G.S)
BN M G=(V,E) 4EXE5H Q, F 74 S={s1, .55} FE XA
PR B «=50
i AR IXEE R Q={(C1,Cy\eer s Cr)
1.4 1=0,0=0;
2.4 i=i+ 1.3 i S| MEE AT 10, 76 W R bR 2 (5 35 53 118 81 s
JRERABIRAL X 45 Q= {(Cy e+, Co} o & 1=05
3ot=t+ 154 > m, LB 25

4.5 Q=0 W% Q={(C.) . %Lk 3;
5.4 Cuax= argmax (LS (C,UC) —LS(CO},H LS )
C,€Q.C NNCHF#0
MR X 5 AR 3
6. 45 LS (Cy U Crn) = LSI (Crn ) <<O, M 55 LB 35

-

AR (D dis(Can - CO 5

8. # dis(Cuax » CO <at, M Coax = Conax UC HM Q=QU (C. } 5
9. ¥ PR 3

10. 253,

DL RSB AP BR 2 R AR % 4% 15 55 1 X iy SR
ITALIX Y R, W0 A 28 4% 1 5 vk B AT 350 24k 1k Y I R 2 4
BEPE IR B b o R AT — AL X YR B B ) B A I
IR OCIED . 8 5 H4k X C 5 41 X 3E W BE 38 in 5 K 1
E A A X7 A I @S A X AR 2 A s A
AN ¢ S I AR T A B A DXE R, AR M R
OCIVIXIED . 38 7 1B AL X 0] 15 8 75 % & A4 55 s i 4t
X AR BFEACH S OV D, B, 50k 3 09 80A 8] 52 4% i
J OCVIXIED.,

3.3 RERETRALE

Fr LT R R P R Az B T BRI, W T BB I
WY RAAE X RO R R A, WA 3 R, EE 6y
RN Karate P46 i AR R 2897 5 B 61 SRS (81 5020 31
RILBIPIAFEX B 44 P4 rb i1 50 T8 3 IR R 43 A s (R
WA R AR/ AL REBCRRET AR E . WA
JE A A B A R HASERR B I 45 1) 4 X B ] fE v R G HE L

Bl 3 Karate M4 bR I 8 OB TRV EED

Fig. 3 Unclustered nodes on Karate network
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Table 2 Basic information of datasets
HA & ¢ e # X #
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USAIR 332 2126 —
NetScience 379 914 —
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PGP 10680 24316 -
Ca-Astroph 18771 198050 —
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Table 3 Experimental results of ONMI on labeled networks
Network CPM SLPA LPANNI LFM Core_expansion DEMON Node_perception LPIO
Karate 0.1653+0 0.1933+0.1524 0.6277+0 0.6381+0.0579 0.4459+0 0.1321+0 0.1225+0 0.9170+0
Dolphins 0.2751+0 0.3165+0.1247 0.3252+0 0.5776+0.1287 0.1444+0 0.1206=0.1691 0.0955+0.0118 0.6753=+0.2125
Polbooks 0.3252+0 0.2952+0.0467 0.2546+0 0.3096+0 0.1003=+0 0.2258+0.0782 0.1042+0.0189 0.4964+0.0077
Football 0.1603+0 0.6224+0.0997 0.7343+0 0.6095+0.0494 0.3936+0 0.301340.0006 0.2039£0.0028 0.34002£0.0078
4 AREMLE LK F g R
Table 4 Experimental results of F; Score on labeled networks
Network CPM SLPA LPANNI LFM Core_expansion DEMON Node_perception LPIO
Karate 0.4466+0 0.4959+0.1504 0.7633+0 0.875040 0.7800+0 0.5750+0 0.3041+0.0334 0.9850+0
Dolphins 0.4800+0 0.4996+0.1148 0.411640 0.9099+0 0.2309+0 0.3700+0.4100 0.11514+0.0701 0.7908+0.1277
Polbooks 0.3690+0 0.4777+0.0774 0.301240 0.5766+0 0.1515+0 0.3400=£0.0600 0.1866+0.0376 0.7895+0.1215
Football 0.5700+0 0.779940.09138 0.8949+0 0.8160+0.0185 0.4541+0 0.4412+0 0.5176+0.0231 0.5737+0.0424
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Communities detected by LPIO on Football network

Fig. 6

4.2.2 RAFERGBE EHERILE
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Fig. 5 Ground-truth community structure of Football network iR A A T T
#5 TAREML LY REBIRE EQ 345 M
Table 5 Experimental results of EQ on unlabeled networks
Network CPM SLPA LPANNI LFM Core_expansion DEMON Node_perception LPIO
Les 0.1846+0 0.3241+0.1079 0.5152+0 0.3386+0.0445 0.3847+0 0.02024+0.0241 0.3041+0.0082 0.2966+0.0593
Jazz 0.0028+£0 0.370540.0736 0.4310+0 0.2853£0.0016 0.1675£0 0.0000016£0 0.1151£0.0352 0.2129240.0685
USAIR 0.0414=+0 0.0645+0.0447 0.1047+0 0.0593+0.0071 0.1192+0 0.0204+0 0.101840.0019 0.1177+0.0113
NetScience 0.6287+0 0.7356+0.0173 0.7295+0 0.7239+0.0255 0.6206=+0 0.5074+0.1213 0.5641+0 0.7863+0.0055
Email 0.0302+£0 0.4062+0.0157 0.2663+0 0.1200£0.0072 0.1849£0 0.0302240.0023 0.1065240.0032 0.3138£0.0024
Power 0.1577+0 0.6470+0.0050 0.6207+0 0.5581+0.0470 0.5688+0 0.0849+0.0041 0.1299+0 0.8466+0.0022
PGP 0.3843+0 0.7438+0.0417 0.681440 0.5467+0.0502 0.4028+0 0.2653+0.0057 0.3156+0.0009 0.7083+0.0116
Ca-Astroph 0.0792+£0 0.5221+40.0026 0.4539+0 0.2553£0.0344 0.231040 0.0947240.0002 0.21612£0.0008 0.3230240.0021
Average 0.1886+0 0.4767+0.0385 0.4753+0 0.3609+0.0271 0.3349+0 0.1278+0.0197 0.23167+0.0062 0.4506+0.0203
ZRE XU ANETREY AN ESHX A RT3 VK 52 00 10 T RS e K, A N BE o A C T B i
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