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Community Detection in Complex Networks Based on Vertex Similarities

JIANG Ya-wen JIA Cai-yan YU Jian
(Institute of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044, China)

Abstract One of statistical characteristics in complex networks is a community structure, Detecting communities in net-
works has aroused great interest among researches in recent years. Actually,community detection is very similar to the
classical cluster analysis in machine learning field. Thus, the key point is how to define vertex similarities in complex
networks. We first proposed an algorithm named SGN based on vertex similarities. Compared with GN, SGN is much
better and faster than GN. Secondly, we used four classical clustering algorithms to detect community structure in net-
works based on some existing vertex similarity measures, The results on artificial networks and real social networks
show that the similarity measures based on signal propagation and regular equivalence theory by using the whole topolo-
gy structure of networks are better than the methods of Jaccard based on local vertex information. Therefore, if vertex
similarities are given well enough, proper clustering algorithms based on similarity matrices can be used to detect com-

munity structures fast and effectively in complex networks.
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HKE WM AP(Affinity Propagation) B 8, 2?:.’%2%% » 3T M
%4 RFRINEFIE B Y signal '™ Hl regular’ 7 AR TET
¥ 25,48 8 S5 B Y Jaccard il new-Jaccard!"® 5 &, 1fil B BE
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WREE S, HEALRE.

LSRR EE %, 3L N K, SR Nas—
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B, i average-linkage J[A] 15 B K A~ 2K PR 2 [B] 4 7 1y
BEES, Ak FH average-linkage,
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AR K B P2 43 FE 4T X LA BB il kB T AT
8] X JLAEIA A FERTE A A GN B3 (O™ ) LU R ET
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e, (HE SR, ZB RN E R, FAEG A 3 E 2 4
fi) R ) 4 BLBRL VR s ke-means IR (O(nk D) BB E G &R
ZH RO EE BT LLA A signal J5 500 I 4815 S5 55 1L
hzs )y B i 5 B AT LUF A k-means 28 M B35 3
HATHERI . KLLE 3 FhE B R MA B X LR,
Heb SGN, AL, NJW #1 AP BEERE B F(5 51458 280
signal FLUEME ik, M4 12512 1 5,16384 &if1,4
AL A IE N 32, Zo T Zin Ry 2 145 48 2 2 1024
AV, 32768 31, 8 ML EL WA B BN 32, Zow F Zs
H2— 14, LEWERINFE 1 0K 2 Ao,

#1 SOGN SHEEEEEZEX WL D

Jaccard Fl new-Jaccard ZEEFE L FHRAZF AL, HE
B K B R A (L BE A 3 5 B 8 SR R 5 W R Z A *B FE
188, MHEH % B ML HIRIMEE R, BILBERA W
regular Fl signal 7 H FH BT MEMHINEHER  reg-
ular #1 signal MU MITE T B 3 HELHE L HHIEERL
BIRIST30R , L HETFE 553 B8N signal ik, £ 3 FHE
B TR E 3 HHEMERE L. i M SGN &
B IERE R R KB B AP Bk M R AR AR
15, T LSRRG

A\ e
08 \ B \ ™ \\\k“’\«\\
g 07 a”: g 07 A \w\
s ® 06 N
06 AN
05 05
04 R N 04 1 2 3 4 5 6 7 8
Zout Zout
B4 FREMHMUEFEAT B 5 NRAEHBIE BT AP

NJW &k Ak

#i% B E Bt [ ()
GN 1 2253.42
SGN 1 185, 204
AL 1 97. 187
NJwW 1 2.515
AP 1 5. 593
FN 1 7. 422
MCL 1 6. 594
k-means 1 0. 609

#2 SGN 5HEHERWEZRBNT (R 2)

TEBATN 4 PR FARCERE T ETEX 3 BiA A R 2K
ST B BE HEAT N B, U SAR R A bR MR B K I 4%
1 FIR4E 2,3 3 FIR 4 PHHER T A FEIEBITHINE],

£ 3 IR 7 i e () A X HL (4% 1D

W% 1(s) AP AL NJW
Jaccard 7.078 101. 031 4,188
new-Jaccard 7. 359 103. 703 4, 281
signal 5.015 101, 594 2. 844
regular 4. 656 98. 484 1. 516

F 4 AFARRUE 7 B B ) S 2R BE XS LE (PRI 4% 2)

53 BHE it (s)
GN 1 22637.5
SGN 1 2974. 53
AL 1 1725.11
Njw 1 23. 406
AP 1 30. 609
FN 0. 999 35,422
MCL 1 66. 406
k-means 1 7.11

1 T k-means B3 X 4R {0 B¢ B 80 BUR, SLRIE R
BB —KERBME k-means BEPATHINE, K LK
BRALUE L, FAREERE —BNHEL TGN Bk
1) S 2 BE B , SGN B Kk B0 1T R AH L GN B3R 9 B 46
A HRNE R T AP B L FN Bk k-means Bk Al NJW
Fok ERBEEEAM kemeans HEBEREF . SFHE®RNN
RIS R BE LU RS RN

k-means<U!NJW<AP<{FN<MCL<CAL<CSGN<IGN

AT #— PR TR S 23K signal AUE T ELT
e 3 Moy, ARRE LR 4 BARMECERE T EEA
THEE LBfT ALER NJW BLUR AP Bk, THLER
W 3. 4 FE 5 B (B — M SCREE R R 10 MR A
TRERAZHFHMED

H 3 KREMEUUEHEHT Avarage Linkage

B RIEER AT LUE N, A WAEMERE T ST,
- 188 -

W4 2(s) AP AL NJW
Jaccard 91. 593 2037. 39 24,047
new-Jaccard 33,734 1846. 47 24, 297
signal 30. 281 1788, 81 24
regular 24. 454 2011, 36 9. 703

MEPRERALIES,3 MEEELPIKARERSE
Brpnt M ERERMK. AP BRBE THRERE BRE
RELER 4 MHEUEFEPESBWEST & regular J7
B, signal LS BRI EHRTFRFVARBEEN
Jaccard FrE&Hl new-Jaccard ik, AW AT EKE IR,
AR 458 R regular AHUB M 7 ik i R B ILEFT
RERR.

9T S TR Bk %o F 9 4% 4k 1 Sl 43 O R i EROE TR
REEHETEESEHEN signal HLLEHRE T B ERE
BB S 2 MM+ R 4Bk GN,FN,MCL DA K 4 8
9 k-means BLHEATHLXT, A 6 FiR , HH k-means A,
11 100 KEZRLERPBILWER.,

Zout
A5} P a4 PR ) 4 BB L 3o
MEFAAE S, &R EERR E ABERN TS
B k-means™>NJW>AL>AP>FN>MCL>SGN>GN, #
AN AR SEE D, ETHESESHUET RN k-
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means B RRBRBE L BRRBELM AP BERE, K
W J& Newman R 25 1% ; MCL B 2 Fl SGN 52 5UR A 2
GN B MR RE, El, TLIEHER, 3T E Mg H
K)o ) R, AR — I I R 2T S AL B ik AR A
— AR T AR S B IR B, 0 kemeans B L B IK
B EREME AR REH LB R FREIRE
R,
4.2 HELHEK 4 :

EXBERAT £ MH Zachary =5 F B H 53 M %
katatet™ | 3% [F K 2 2 BRFE W 4% footballl® 1 K& R M dol-
phinstH #1158 E B it E 4E M 48 books on politics (1 Valdis
Krebs W, KR AN FF EF, 2L http://www. orgnet, com/),
HPEFHEEARBRLE 34 T AR, B~ TEARR—
MEF IR BRAZMM S EXR, B FREHEE N
KK Z M RAEF G B R AR R T 55 L8Rk
KRHPOHFAEE R E AR REM RS 115 M R4
B BT SARFER— SR, AR TR S B SCMEEAT
HHLEE , AT BMA— L4 0 12 VB, SERE N ERBA AT
HEMBRR TSRS RALFEOER B RANES
2 MEEARSL 62 M KM R, T R RN B AME, B RR
PO (A S A 35 6 B AR 4R B 105 1 R L, B8
— A EERERETH TS BN B ENE—ERTER
BRI E LR W S R B9340 R B RN W SE TR A E 1,
BB R EARR, A T A B R T IR an k7R
“RFIR=HRFE. 4 NEENEEA G S, J
BEATRER LA B R 3 R HE B SRAE D T HE A

8RR FIRTA 4 BAERUEWE T 4 A T SGN Bk,
ALE® NIW B KR AP EY, 35 GN B . FN B,
MCL $.# . k-means B 17 8 P k-means HERE
FERBEFNER. TRER.BT ALBE, HEHEH
MAREE TS 3B signal FERPRERAM, & 5 B
. HPRAESHRALERETEN AP BEMERE
BENERERR . FNRE, HABBERRMY. R5HES
B3 R R B ARUEE

%5 RFRLHIRIAH AT MR

katate football dolphins polbooks
SGN(signal) 1 0. 8522 1 0. 8381
Al(Jaccard) 1 0. 9130 0. 9677 0. 8476
NJW(signal) 1 0. 9217 1 0. 8667
AP(signal) 1 0. 9652 1 0. 8476
GN 0. 9706 0. 9043 1 0. 8381
FN 0.7353 0. 5739 0. 6935 0. 8095
MCL 1 0. 9043 1 0. 8381
k-means 1 0. 9043 1 0. 8476

HRE HARTEHWRDKILHBMERE %, &
BRGNS WA B SGN, RRHETESHK
% BARKY signal FMI{ARE M3 7 ¥, SGN BRI LB 5E R GN
BREEAEES BEYE, BREH THHUETREAR
AR , BT LA B A 2 L R E B IR A0 k-means B,
BRER AP M BRRBEFERE; HKETRHAZMA
FIME ST &M ERE TR THBRHRRA. & F
Jaccard #1 new-Jaccard 87 R RUR AT Y, IR BB H X B K
HE NG RN T B FE 5538 regular FiER
BT T EE R T Mg mING, H g R, B
HERE. HPETESERERENMEUEREN B, 8T
BRI A M B R A R X BT

B2 BB AN k-means B 3 BB R AT S
FERR BB AR AN M4 4L B #0457 30 R 43, B ik, signal J7
B E L FRT regular ik ; Wil of it 18] & 4% A% He
SEW R, regular FEAHAERLBLETHETFEESEMR
F signal 735, WL, W E 24 F &, regular FIRBER T
signal ik, B2, FE LM E R 4 RS, R g —
AT 25T s AR BE R T ik IR A T 25 T AR A
AR RBIE AT AR PO A O T 45 44 A #4734
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