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Abstract Due to the random process in node selection and label propagation, the stability of the
results of traditional LPA is poor. A two-stage community detection algorithm is proposed based on
label propagation, abbreviated as LPA-TS. In the first step of LPA-TS, the labels of nodes are
updated according to their participation coefficients in non-decreasing order, and the node label is
determined according to the similarity of nodes in the process of node label updating. Some clusters
found by Stepl might not satisfy the weak community condition. If a cluster is not a weak community,
in the beginning of Step2, we will merge it with the cluster that has most connections with it. Next,
we treat each community as a node, and the number of edges between two communities as their edge
weights between corresponding nodes. We compute the participation coefficients of each node of the
resulted network, and use similar process to get the final results of the communities. The proposed
algorithm LPA-TS reduces the randomness in the process of node selection and label propagation;
hence, we might obtain stable communities by LPA-TS. In addition, LPA-TS combines small scale
communities with adjacent communities in the second phase of the algorithm to improve the quality of
community detection. Compared with other classical community detection algorithms on some real
networks and artificial networks, the proposed algorithm shows preferable performance on stability,

NMI, ARI and modularity.
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Fig. 1 An example network with two communities
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Fig. 3 Comparison of NMI on LFR benchmark networks
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Fig. 4 Comparison of ARI on LFR benchmark networks
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3.3 EXMELRIR

TEAT H, FATE 1 78 25 T 38 fH SR (Zachary's
Karate Club)™" | ¥ K #t 2¢ W 4% ( Dolphins Social
Network ) | Polbooks'"* FlI &k 2 A= & Bk W 2%
(American College Football Network) pu /4~ #5
BB SZ W 2% DL} Les Misérables™ , NetScience™!” ,
Email ™ F1 Yeast"™ PUATC A7 25 () L2 M 4% b 3EAT
SR DI SR AT PRI B A B ANk 1 R

Table 1 Real Network Datasets
F1 EEXMEHESE

Data Set Number of Nuinber of Number. (?f
Nodes Edges Communities

Karate 34 78 2

Dolphins 62 159 2

Polbooks 105 441 3

Football 115 613 12
Les Misérables 7 254
NetScience 379 914
Email 1133 5451
Yeast 2375 11693

T LPA-TS 5] A T 5548 XA W, DL b
O % 1) LS D) 246 v 22 R P 1 A X AR Ak ol G S
W2 1 B0 R U, Bk LR A R 3 2 MR 3 iR,
Horp AL IEAT 30 WK B W48 B 14 °F- Y (A A5 L
BVE R AR b TR BIE R A LI KA Q &
BEHNEFR b s time FoR KBTI 0 R ILRE

F 2B T B LPA-TS 5 8 fh ik X %
@k FMM, LPA, BGLL, LPAm, LPAm+ ., Infomap,
ISCD+, LPA-S 75 b 2 I £ J00H0 4 1) 5 36 LU 45 4%
e RTLLE 24 W 2 BT /N I 2% B30k T A R Y
FEDCAS B 2B at DR & A5 B8 SR AR E PR
FEI AT 5 B P25 I AT (1 3% U 1 R AR SOOIk
LPA-TS FE 4t XA B0 4 R feoe kR B .

K545 T4 LPA Bk # Karate W4 L1
3 ARSI i Rl o3 25 5 b T LA T AU U 1
BEHLYE  LPA X R0 4% i K] 40 45 SR A7 7 5K A AR
SE M B AE R 43 A P 2 A 4% rp T A K
I AE—FE X .
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Table 2 Comparison of Real Networks with Labels
R2 THREEIMNEXRERWIER

Data Set Index FMM LPA BGLL LPAm LPAm+  Infomap 1SCD+ LPA-S LPA-TS
k 2 1-3 34 4-7 4 3 2 2-3 2
ARI 0.8823 0.6632 0.5445 0.409 2 0.5245 0.7022 1.0000 0.9560 0.8823
NMI 0.8372 0.6574 0.6537 0.5771 0.6521 0.6995 1.0000 0.9426 0.8372
Karate Q 0.3718 0.3147 0.4074 0.3710 0.4164 0.4020 0.3715 0.3690 0.3716
- 0.1214 0.0487 0.0438 0.0256 0.0131 0
Running
Time/ms 33 9 10 14 49 3 3 21 13
k 3 2-5 4-5 8-11 1-6 6 1 2-6 2
ARI 0.4795 0.5106 0.4259 0.2308 0.3355 0.3614 0.3458 0.6442 0.9481
NMI 0.6058 0.6349 0.5195 0.4437 0.5086 0.5270 0.4708 0.6820 0.9698
Dolphins Q 0.4942 0.4920 0.5202 0.4988 0.5226 0.5158 0.4917 0.4373 0.3759
- 0.0605 0.0310 0.0173 0.0308 0.0785 0.0079
Running
Time/ms 10 20 13 22 73 3.4 3 39 35
k 3 1-4 3-5 8-12 4-8 5 3 2-6 2
ARI 0.6563 0.4921 0.5966 0.3183 0.5366 0.6463 0.6390 0.6514 0.6671
NMI 0.5566 0.4231 0.5234 0.4320 0.5063 0.5369 0.5245 0.5543 0.5979
Polbooks Q 0.4993 0.3801 0.5210 0.4890 0.5197 0.5267 0.4973 0.4971 0.4569
o 0.1228 0.0259 0.0367 0.044 1 0.0372 0
Running
Time/ms 76 31 17 36 90 4.5 3 56 50
k 5 8-13 9-10 10-14 9-10 10 13 7-18 12
ARI 0. 4444 0.7390 0.7681 0.8232 0.7775 0.7601 0.8890 0.6801 0.8893
NMI 0.6862 0.8725 0.8740 0.9023 0.8781 0.8801 0.9254 0.8406 0.9269
Football Q 0.5494 0.5819 0.6037 0.5821 0.6019 0.5902 0.5949 0.5291 0.6010
- 0.0245 0.0103 0.009 6 0.0081 0.0296 0
Running -
Time/ms 66 36 17 16 112 5.2 12 108 59

Notes: Bolded part indicates the best result among the 9 algorithms.

(a) A result with only 1 community (b) A result with 2 communities (c) A result with 3 communities

Fig. 5 Different results of the LPA on Karate network

K5 LPA B BLAE Karate B4 F 10 3 FA ] 0 R 43 &5
1 6 45 th T A SCH 5 LPA-TS 1F Karate W% 2 A0 —Fh Rl 2550 X4 2 62 TLSE WK

E R SR R RS E A oy D 2 A EEIX () AH LI R B 00 9 RN IR A 2 LT KA A7
K7 25 I T A SO i LPA-TS 7E Dolphins W ZESR S £ W X0F B 45 A% 18] 477 321 » Dolphins [# 2%
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Fig. 6 Result of LPA-TS on Karate network
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Fig. 7 Result of LPA-TS on Dolphins network
B 7 LPA-TS 7 Dolphins % I 1% 43 25

8 45 i 1 Polbooks M 4% 1 J5L 4k &) 73155 L. %
W 2545 RN TE Amazon 7EL 5 B 10 5 56
BA ARG B 45, 0 2 A 5 8 g Ia] — 0 P W3k 5
DU X6 1 5 i 22 TR A7 7E — 2% TG ] 3. 3 6 51 43 8 43

Fig. 8 Primitive division on Polbooks network

Kl 8 Polbooks ™ £ 54 &1l 43

3 A MUK URTE AT 5D CPRSFIR” GEIE Y 50 Al
“HalIR” 7B 50O FTLLE B A B IR 7 PR s
UR7IX 2 A4k DX P 0 4 e A o 4 DX [R) O i Eh 3
. 7 v RIIR Y s AR 0 BB A Y R BUR
BT[] o X 07 P A DX 85 ) 0 IS B L X 4 4+ IX R B
A I 5 SR PR N RS E R R — s 1 TR X DA
FK2ALIEN, AxEE LPA-TS % NMI,ARI 4
febr L £ BE 45 5 LPA, BGLL, LPAm, LPAm+,
LPA-S HAh 455 2 BLRE ALV 9 5535 A [, LPA-TS
R RBCEAR, B 17245 Rt icka . | 9
Y5 T A 1 LPA-TS £ Polbooks M 4% | 15
() d5c 2 3 73 45 2R . fF Polbooks W 28 %l 73 2 2 A4t
DXy A DX 308 1 2 0 S LL 35 1 8 o 4 DX [] ) 3% 42
LU B » AR SCORVR AR B0 4 G B R 43

Fig. 9 Result of LPA-TS on Polbooks network
E 9 LPA-TS 7 Polbooks %% I [ % 43 4%

Football [ £ & #2 #5 3¢ [F K 2% & BRI FE 2000
AR — TR LU FEFE TR N A 7 A SR M 4% L B AT 12
AR BRI A BR AR S8 T — AR B L DR A
12 At XARZE. 75 2 AT 2Z (8] A5 3 e 28, Ut 7
WA AEE S B 10 45 T LPA-TS 7£ Football
CE AN UE e TN RS B S E 175 i

A DU 70 B 28 11 3 52 o 2 540 v 4 X4
A3 R HPE I AN — o AR i 3R PR Oy S I 4% 4 X
SER N Z AR AL BLHOMEAS BB 57 4 S WX AR .

P2 345 T L LPA-TS 5 HAlh 8 Fh 28 it X
RIGEAE A P FR 28 4% F IS i 45 1,
ST 43 235 R A B P RS S 1 2 A T TR A% SRk
PEREHEAT AR, T LA AR U LPA-TS W £
FE R BCEAR  BEW LB A R4 AR e .
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Fig. 10 Result of LPA-TS on Football network
K 10 LPA-TS f& Football 4% I A % 4 45 4
Table 3 Comparison of Real Networks without Labels
RI3I EMRZEIMEIWRLERIIER
Data Set Index FMM LPA BGLL LPAm LPAm—+ Infomap ISCD+ LPA-S LPA-TS
k 4 2-5 5-6 10-14 6-10 8 2 3-23 6
L Q 0.496 1 0.2719 0.5461 0.5315 0.5499 0.5363 0.2540 0.4458 0.5007
es
Misérables - 0.0833 0.0193 0.0103 0.0112 0.0534 0
Running .
. 51 24 12 25 83 2.9 4 54 35
Time/ms
k 18 31-40 18-20 6874 64-70 7 6 4-60 15-23
Q 0.8385 0.8081 0.8464 0.7175 0.7299 0.7789 0.7546 0.7537 0.8238
NetScience P 0.0130 0.0053 0.0020 0.0035 0.0573 0.0126
Running
. 477 197 76 501 3100 19 5 380 253
Time/ms
k 8 1-3 8-13 92-127 88-123 50 5 177-361 28-29
Q 0.346 1 0.0002 0.5522 0.476 3 0.4841 0.5309 0.456 3 0.3458 0.5264
Email o 0.0015 0.0511 0.0157 0.0181 0.0031 0.0011
Running -
. 1300 300 700 7600 33600 50 90 38700 3900
Time/ms
k 30 104-131 16-24 329-354 325-350 10 4 199-656 34-75
Q 0.7021 0.6639 0.7291 0.6429 0.6450 0.5269 0.5192 0.5723 0.6918
Yeast P 0.0258 0.0294 0.0021 0.0023 0.0045 0.0153
Running
. 83400 2199 5303 596 80 381700 130 600 1045800 127 200
Time/ms

Notes: Bolded part indicates the best result among the 9 algorithms.

ARSCHR T — B TR 28 A5 4% 1 P B BeAt X
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TEAR AL 4 1 8 b R T 1) AR LA BT 3 A
2 A% BN I An ) o 5 2R HI TR 2 W) a4 IX
SR A A 55 A DR S 7 AN R U H A A8 5
T 2 BAE DXCHEAT 5 0. K 0 5R 4l 2 A B 9 4 IXF A
A X TR 3 R SR 1 TR AU 7
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