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Abstract; Community detection is a common tool to analyze social networks, aiming to discover the clusters of elements that are more
closely connected in the network and then extract the clusters so as to further explore the hidden information of the cluster. As social net-
work in real life is growing over time, using traditional community detection methods would be very time—consuming. This is a great dis-
advantage of the traditional community detection algorithm. In view of this, we propose an incremental K-Clique community detection
algorithm based on the traditional K—Clique,, which uses the edges and nodes in the new time slice to update the existing community in-
stead of re—conducting community detection on the entire network at time slice updates. The algorithm ignores a small part of details in
exchange for the overall efficiency. The experiment shows that the incremental community detection algorithm improves the execution ef-
ficiency significantly compared with the traditional one,and the detection results are almost consistent with the traditional K-clique.
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LR BT A I )R 0 Hdks vh A S T US . 3T
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P AR S A D 28 g — AN AR X,
BB RAT LI Algorithem] Adifiids, Her i 3 42
YR 436045 updateCSS  updateDS ,
Algorithem] ;
Input; dynamic Graph increases over time, K
Output; Communities in Graph
Get CSS in first time slice
Get DS in first time slice
‘While time slice :
Get US by combining DS with new edges and nodes in current
time slice
Find newCliques in US
Call updateCSS ( newCliques )
Call updateDS ( newCliques )
Communities = combination of those cliques in CSS who’ s
common nodes>k—1 ( connected parts in H)
3.2 E#HCSS
TEAL BB 8] bR A BEE AR US w23 g w25
T e EARBCY HT US A BT A0 & 958 42 1 IS5 4 AR
Ja A 26T 1) 58 4 1 P25 BB CSS, T CSS I 73
(1) #F X BW clique 5EH WFTA clique ¥
S
(2) B & BLH clique 58 & %45 T CSS LA 1Y
clique
(3) Fi AL clique 521> clique A 3846, (H AN HE
5T H AR —A,
BJLRPEBLUNIE 2 Bz, 7 5 S 2 R Y
I /REA clique, H& 1475 i 1 HE 2 A4 BG4 P 32 718 8
KI clique,

(b)#E45 T- L clique

()5 BT cliquefy A2 4L
(HASEA TS

B2 CSS ZAEHR

THOL(L) « B BT R B clique A CSS |
A AT EASCHAR U
THH(2) B EBHY clique X CSS HEH #J clique
Ao it A ARG ERYSCE PO T X CSS it
FEEE
THEM(3) FHER 5H clique AXLEME A clique
PEATEER) W #r, nT e 2 Rl CSS T EL A clique
i ry A, X T A B AT RE G A B SR IBCRY T
A2 R A B clique 55 HA SR HIF T clique
Fe PR — K I I P S5 H PR DI A 1l B P 254 vp 4
HHP ST’ XA Ir AE AR clique
ZJ5 T B Z AT clique A CSS HINER , 985 4 4
J& W5 AT Clique A CSS Hr, BT CSS Y5k
.
Algorithem? : updateCSS
Input: newCliques
Output ; updated CSS
If CSS==null:
CSS =newCliques;
Else .
for clique innewCliques
If clique has no intersection with CSS:
add clique into CSS;
Else:
If clique belongs to one of CSS:
Do nothing;
Else .
Joint clique with related cliques in CSS;
Find new cliques structure in the jointed graph;
Add these new cliques into CSS and remove the old ones;
3.3 E#HDS
TEHUH DS i, ZEAS UK 7 A BLAY clique 4L
E YT AN DS R A G 3k S8 AR T AN
[ 9 US W25 FRSEPRTE oL, Ak B
By clique A9 S ] HEIA 5 DS H HABAE clique HH)
TRATRR, N T IRAF XA R, 75 2O B XY
clique 5 /5., FIWTRIMRIE 2, A0SR EAS clique HH40 5 Y
BT R BER T HPMER T clique BT #Y 9
B, RIS /T fOBR TAEAE T clique AL USRI
A A 0 3 4 | SRR B ORI BR . SR P Y
TR B 10 4, R B A
Algorithem3 ; updateDS
Input: newCliques
Output ; updated DS
S =all nodes in newCliques
For node N in S.
Find all the cliques innewCliques which include node N

If degree of node in DS>=sum of all cliques size:



10

FOKEAF  — Pk a2 0 2% 408 fe A DRI B0k S S BRI A - 67 -

Remove node from S
For clique innewCliques ;
Remove edges innewClique from DS

Remove nodes in S from G

4 kRl
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Clique #H b 23 g 22— 26 (HRH A5 K-Clique &
At X E R
% 1 K-Clique 53 % K-Clique #£ X #4] $ & 1o 4%

k=2 k=3 k=4 k=5

Year
KC IKC KC [IKC KC [IKC KC IKC

1990 25 25 29 29 4 4 2 2
1991 6 6 35 35 9 9 3 3
1992 77 77 41 4 10 10 3 3
1993 66 8 47 47 11 11 3 3
1994 100 100 57 57 15 15 5 5
1995 108 108 63 63 16 16 5 5
1996 120 120 72 72 17 17 5 5
1997 129 129 8 8 20 20 6 6
1998 135 135 96 96 25 25 6 6
1999 138 138 122 123 31 31 7 7
2000 167 167 140 141 42 42 10 10
2000 25 25 169 170 46 46 11 11
2002 62 62 198 199 58 58 15 15
2003 77 77 236 237 70 70 16 16
2004 66 8 278 280 90 90 18 18
2005 100 100 333 336 112 112 26 26
2006 108 108 379 382 136 136 34 34
2007 120 120 419 423 160 160 44 44
2008 129 129 469 474 182 182 55 55
2000 135 135 499 505 213 213 67 67
2010 138 138 535 541 233 233 T2 T2
2011 312 312 535 541 269 269 85 85
2012 335 335 612 619 320 320 103 104
2013 343 343 706 716 390 393 129 130
2014 356 356 796 808 462 465 157 158
2015 400 400 897 910 548 552 195 196

2016 415 415 1011 1025 643 649 237 239

R T UM A 0 S AR DU SR S R AR A
DR A X /NI I L T K-Clique Bk 51 K-
Clique 5575 {4t DG 25 5% be . BCAS [R] J 1990 &
1993 4R 1LY ( k=4 B ) PP EAL A DX ARG 00 45 SR A Xt
Fe, T LA B3 & K-Clique 5% 51548 K-Clique 1
ORI S SN/

6 HRIF

A DRI 2 B0 552 4% 190 26 14 7 407 Bt
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Clique P15 521 (CMP ) 16 JC HUAE ¥ 2% th 38677 ke o
IR B T T IO 0% 42 g i 5 8 R Y 2%

K-Clique

Hi it K-Clique
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‘Richard J. Doyle’,
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‘Bruce L. Lambert”
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‘Richard M. Tong’,
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‘Stewart W. Wilson”,
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‘Sandip Sen”

‘Stewart W. Wilson”,
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‘Glenn R. Koller”,
“Qian Yang’,
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Jerry B. Weinberg”,
‘Qian Yang”,
“Glenn R. Koller”,

‘Gautam Biswas”

‘Davide De Marchi”,
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“Filippo Brancadori”,
‘FrancescoBergadano”,
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‘Davide De Marchi”,
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“Christopher M. Tuck”,
“John E. Laird",
“Eric S. Yager”,
‘MichaelHucka”
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