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Complex Network Community Detection by Local Similarity

LIU Xu' YT Dong-Yun'

Abstract Complex networks are a typical form of representation of complex systems. Community structure is one of
the most important structural characteristics of complex networks. In this paper, we propose a new measurement of
similarity based on local structures for the purpose of detecting communities in complex networks. Compared to the
similarity measures based on the entire network, the proposed similarity measure requires less computation and produces
good descriptions of the structural characteristics of the networks. Meanwhile, it reverses the tendency of under-estimating
produced by some existing similarity measures based on local structures. To utilize our measurement of similarity to the
detection of community structures, we also generalize the Ward hierarchical clustering algorithm so that it is applicable
to any object that has similarity measurement. And as an application we particularly employ this algorithm to detect
community structures in complex networks. The proposed method is tested on both computer-generated and real-world
networks, and is compared with the typical algorithms in community detection. Experimental results verify and confirm

the feasibility and validity of the proposed method.
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EA RGN REEIRE, I SRV RS e
RAPRES R ATH X G5 RIL. EH5H S q, &
INEE RV BRI RERIAE X EH , BRIAHUE R 25.
T A AR SR AR LR 1804 Spinglass;

6) ATCHE H LT R AR AL BE & (R AL IX 4544
RITE, WIEYE 1, 8 Similarity.

3.1 ERME

BATT KA Newman 131 41 X A 0 v 8
P2 1401 % 4 AT 128 ANTT AN, o 4 4, BE4L 32
AT R BAVEREAN T SBENLAE R 16 N iER:, H
ooz, ANERAE AL BT 16 — 2, MEBA N
M. &z, € {1, 12}, Mz, = 1 WANERK
A AL SR Y 2, = 12 WA NIER M
i, AR SE ORI, SCERE T 2, < 8 MG
JEIL AT 28] Ky 2, = 8 I ERAE BEA SAE 4L A AR
HEZHOH. SEFs b B TA WA 32 A s 4ok
96 AN AL, DR Py o B 5 P AT AR vy T AL TR) IR
R, BAIRE T 2, < 12 TS, 4 2, = 12 4]
DA R 2 ) 3 40 3 BE A ), A [X 5 4 2 B SR 1.

WIRIR LXK 3 C,, AT AL X R o3
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N Co, FHIH—4LH A5 B (Normalized mutual infor-
mation, NMI)H Sk 8 & AR 43 (1 2 1. Hoe X
N
NMI(C,, c,) = HC) + H(C) = H(C,,C.)

H(CO)H(Ce)

(10)
Hrp, H(C) Fmkilsyr C MERGER. 2 C. M
ARy C, e 8, NMI(C,,C.) = 1;
X C, fC, e ARRN, NMI(C,,C.) = 0.
t1T Label F1 Spinglass JLATBEALTE, Kb
MIFLHEAT T 10 PRSess, s NMI HBUE. 4 T
flSEIe n B R REHLECR il ek 1, - - 10,
BERAE 2, N1 R 12) 774 12 A%, HA
[F) IR 7 VAT AR X E R IR, sega &5 R LK 4. 4
2, € {1,2,3,4} I Similarity 1 Betweenness #5gE
i 56 AW SRR AEIX K 2, NMT HUE R 1.0 4 bl
HLIE Spinglass /745 21 NMI 7 1.0 fzAT%
/NI B); Fastgreedy MIRIMM 2, 17F 2, = 4 B3
2 ) NMI £5%4 0.979; Eigenvector 1 Label B3
P2, A 2, = 4 B3 NMI 435124 0.939 F10.910.
BEE 2, dRELIER, BRI RINE T T B, B RFEm R
1172 Label, X4 z, = 5 W NMI BUE W 7E 0.7 &
5,02 2, = 6 I NMI &8 3] 0.317, it
TG T HANS S, Kk, Label SLARA 26 R 52 4%
JEE, AR HG i AR DA R 4 A X IR 52 A A
1. Mz, = 7 TP, NMI U 08 R RBFEA =N
1%, 7 j& Betweenness, Fastgreedy M Eigenvec-
tor, X 1A Spinglass Al Similarity HAG &7 0.9
1) NMI HUE. 4 2, = 8 I, T34 0L 50 % il
RRIEFA R R, AL DSR2 B8, {H Similarity
(1) NMI 17588 % 0.757, ALK T+ Spinglass [#) NMI H
i 0.974; Label ¥y NMI HUE 4 0.0, Betweenness
1520/ NMI 4 0.455, Fastgreedy UL Eigenvector
AEI NMI 40 0.6. 24 2z, = 9 I}, 1X Spinglass
1) NMI 4 F57E 0.9 L E, H AR ER Label 4N T
TR NMI ¥4 0.3 A4, 24 2, BT 12 I,
¥ Betweenness ! Eigenvector % 4R, 135
TIPrR M AR, AR5 NMI ¥4n
0. VERULI Spinglass JFARMHARL S vHA 3R A,
‘B 5 Fastgreedy M Similarity 555 & H LM
L s El 2 7 N e e W A AL S LR
Spinglass l Similarity & 4F IR, 24X 45
BRI, Betweenness Al Eigenvector A #4F ]
K. BT R AR, B Similarity AUHIH
W9 2% 1) Jm) A5 A, o = AN R BRI 1) T VAR
HT Mz a RS R, R R RS R AR, T
/& Betweenness fil Spinglass, HoPH A7 I [1]328 28 6
i Similarity; Eigenvector 1543 1 75 2 H K

RRAEAR, 1T LARI T ARPACK!? S g AR B A
I, AR RT.

1.0

0.8

0.6

MMI

Fastgreedy
-©-  Betweenness i
< ['-o- Label
7+ Eigenvecoltr
Spinglass
| —&—  Similarity
1 1 1 1 L L

0 2 4 6 8 10 12

4 FERSEELEL
Fig.4 Comparison of different algorithms

3.2 HIHHRME

A DX R EIL R L I SCAE T LS 46 1R X 454
IR, I ARG R Y 28 IR FRAT) TV I A AR,
T B AR LS W 2 EINR Sk P RE. K
W0 258 B L XA I BE 5 B0 2% B BAT PR, T A
RETIUAN FEAL X 45 ), PRIk I g L3R Bl R A X Rl 2
RO 8 R AT LA

T ATAE B R4 AL AR Tl R R S K
2 (Karate)®!l, i JK ' 4% (Dolphins)*3. B
T HF SRR AGMEMS (Jazz), 56 H K% 4E
2000 %€ 7 56 3L Bk B 28 M %% (Football)7,
% H W2 W % (Us.air, http://vlado.fmf.uni-
1j.si/pub/networks/data/) 2004 43 E Kk B G
12 M4 (Polblogs)*®!, #RI I+ (C. elegans) 7
AR 24 (Cel) 61, A7 PF I 4% (Email)(™, 24
JRAE I 4 (Ppi) ) DL R 9 2% B2 5508 SC & AE M
2% (Netscience)®l. b T 2 5% L ¥ 77 ¥4 m] JH,
F8 03 WA 25 AR HEAT SR AT HEAT T — E RO AL EL Mo
Netscience F1 Ppi P24 2 AN 8 1, PR ECH: 5 K
YEII Y SOHAT S5 Polblogs W44 11 (), SEH I
FEARXSF RIS [N LAX 535 Cel PSS IR 2%, S
Y6 I 2200 T B AN Football W45 (771 /D4
SERE, PIOANFIRIBRBAAE 382 Th ] RELLBE 2 4K, Sk
Y 2 AT AR SEaR A IR WA 1.

R 191 AR T M EEA G T4, Nodes
Xob N X 2% 7 05 5L, Edges XF N W 2% O IE R R X
BERR TV, s T AR ORI BRI B | A X E H
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MPATI ], B Karate W25 H Similarity 5775445
I BERE y 0.41, #EIX KN 4, 1247 W] 0.01
Fb, £ 1 K" N 0.41/4/0.01s. % fE#] Spin-
glass il Betweenness 5L 1 15 2% FEXT Y 35 AH
XU B AL DX R IEE R, R 1 RS 9 25 0 AR
QNI AR iR I W N S VA PV X7
Seg . BT &, Betweenness 1 Spinglass HUf
SRR %, 7 nliE 3] 8 AT 9 Ik, X434 T
AT A RS . Betweenness 3T BT s % 1
IR E% A%, Spingass iy 22 TH R HEA 0 2% 1) d5 (G e =
RE, B B m v R 228, Similarity K
R R ESAHALL I 2, AR T 5 ks, JUH R AEM
2% Us.air [14EX &I, Betweenness fl Spinglass 3
T AL R MBI, Similarity /548 HUIS A&
H1Z& L. Eigenvector 1 Label AHX} ki 2 I i 2=,
Fastgreedy AHXJHAF, A 4 IR 5348, MAEIX
HH I, Betweenness 717 145 H 8 2 2 H 1
DX, Ukt Polblogs 2% 4324 2056 /MRS, W25
TH AT, Similarity 73 H AL ECh 2, (H 3
(RIS BRI A . DA% 0 4% 1) S B R A1 ke 13t
I3 AL XA B, B0 Polblogs M KR
B, BB SE SZ R AL E 3 SRR A, X
Label 25 HECHFEE A1 X £, HAR T4 AL X
B 10 ANLLE, WoRHN T EA S (Over
fitting) Wi1n). I=A7 I A) 7 10, BEA R 28 5 ORI )
o, SANFIE RIS AT T L T R g, R
F K, Fastgreedy Ml Label Lb#EE B A HE T X 2%,
{H Label 3RS B A0 Wik Eigenvector H T
KT ARPACK s fiE AR ) o 550026421 75 kb 2
FRASEAS R W 24 N YF FE IS () G hn i, (H 2, FAITAT
DANFE 1 F Hh, 073043 A U ARG, s
J5£ PR 0 2 DAL DR IR R AT (). T8 AR I )
% % ({1 J& Similarity 1 Betwenness, {H Similarity

TE B4 W 2% L [Py I 1] 71 #6 {2 2% /DT Betweenness.
Betweenness 7F Ppi fl Netscience P~ 2% 1 ES
(B VI #E 5.3 /T Similarity, —AN AT B 1) Js A& X
AN E8AERE B A P O P O IR A T 4 e 1T
NN 4y, A4S )5 2200 4 R A Bob o MR T
ST A% R FRARR. 3 50 m] DA X 485 [P A e i Hi A
()4 S ek, PL Netscience 418, Bk Eigenvector
RN 0.78 b, HoR 745 2 M 48X 45
A (PR e B BB 30 ik 0.8, 2 A% I 4% 11 4 [X 4
AR 3. bAh, Spinglass Iz 17 B 0] Fifi 99 265 KK
AR PR 18 R DL P 3 184 o, — AN T B2 J A I
TG T S KA ReAE X B H (FEAR LIS
Spinglass 5 A 1] GE 4L DX B ok [l e 1 25, Wi
¥ 25 SO BORIEH Ky 2 2 3 n s AT I ).
BT, X HL AR WS AH N 45 ).

4 BEERE

ARS8 ST T 0 0 2 4T AR e
SO B 9 2755 SO R i 45 S, B AL R AT ek 1 14,
A8 28 1 4 ey PEARAYE BE &, n 5% T BE LU 2 1 2 3
S 1) R AR AL R B U0 R R SR IS IS B, 1A
T E B AR ST R R, S — Rk
JE B Katal? 454580 BN N A S5, X ek
FEA STV B 5 AR B RS D ke 4 1. AR S8 11 JR AR
AP G0 Jaccard $RFRPY K % U5 43 BC 45 bR BT
SEAG ) TR AR A7 A T 2 i 6 ) AR ARLAE 81 T 3
T s TN BT ARG T AR X G R R B AR
P P AH AL $ AR AR - ke A 1 ok n) @, 23S T
HEAT A1 X 54 e IR SR S AR AL T .

H kX Ward 2 IR R EIEM 40T, RIILAL
b H b S A b B PR BE 2 10 2 P R 8, 3R TR R
REN G MR LAWMWE SN ZN %, Wil
28817 RUOAH AU B T 1 sl B 5k s SO R TR ) SRR

K1 BHEDORBLER

Community detected by different algorithms

Label

Eigenvector

Spinglass

Similarity

0.37/3/0.00s
0.51/4/0.00's
0.28/2/0.00's
0.58/12/0.00s
0.00/3/0.00's
0.43/3/0.05s
0.33/8/0.00's
0.01/4/0.02s

0.38/5/0.00's
0.49/6/0.02's
0.35/8/0.13s
0.45/13/0.04's
0.27/16/0.80s
0.27/62/5.58 5
0.32/28/0.99s
0.42/45/2.32s

0.81/39/89.72s 0.74/168/0.02s 0.72/115/1.17s

Table 1
Network Nodes/Edges  Fastgreedy Betweenness
Karate 34/78 0.38/3/0.00s 0.40/5/0.01s
Dolphins 62/159 0.50/4/0.00s 0.52/5/0.05s
Jazz 198/2742  0.44/4/0.01s 0.41/39/34.31s
Football 115/613 0.55/6/0.00s  0.60/10/0.94s
Us.air 332/2126 0.19/4/0.00s 0.14/124/30.28 s
Polblogs 1222/16714 0.43/10/0.25s 0.42/205/6 374s
Cel 453/2 025 0.39/9/0.00s  0.40/38/61.31s
Email 1133/5451 0.49/16/0.06s 0.53/61/838.03s
Ppi 1458/1948 0.82/32/0.00s
Netscience 379/914 0.84/19/0.00s 0.84/18/1.95s

0.81/38/0.00s

0.78/33/0.54s

0.42/4/1.02s
0.53/5/1.42s
0.44/5/9.05s
0.60/10/1.59
0.03/24/19.12s
0.43/16/157.69s
0.44/10/19.62s
0.58/12/76.62s
0.81/25/59.03 s
0.84/21/11.65s

0.41/4/0.01s

0.52/4/0.04s

0.40/4/0.88's

0.60/10/0.22s
0.30/10/3.16'5
0.38/2/111.81s
0.37/14/6.81s
0.45/16/122.69's
0.79/61/238.89 s
0.82/17/3.92s
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DX G5 R RIS B B R (R SRR, LA
TR B AR, s “BRE” BOY Y 5L
R 1) o R ek R B B O] AR, 0T B R
(Y9 2%, ASSCHR HA RO AHACLFE SR R 2 ARt 1), m] A A7
fift e 03 LU W AR AE.

1K HELAE L A ARTARAE B2 3 ] AN BT 22 1 A i 45
T 28 H A 43 B 490wy DL RS GE ARABAE BE R
S RS, FEEEN TR 4s Sk VR T, R
S ABVERIUA 5 R T AERERT (A ) sE g b
Ab, B TASSCAE Ward 58287 % B BE A7 0 7%,
M LLSE FH R p 2 3k — 0 mT DL 2% e/ Ward 28
Sy S A SO R K s 25 F e (Heap )9
KArfifs, WARASCR T F A7t 072X, AR IR R Ik
T HEG R IR AL X S5 R R IR T V. HE 45 R A 45 R I o
KA A  Ay 5 50N T, JRE I G 3% S s B Ay k£
I A, ATTKE S0 (B T 2R 2 5 81 O(nlog®n) 12,
i B 03 A Ak K2 Y 5

WEA, AR S0 A2 BEOGE BE T 2 Tt s AHABL P 11 2R
K. B MW FTR W], JE T30 73 B R A ] AR 7R
LRI AL X G AT 10 (R SR S Fu v 9 4% 1 T )
T 24X, TR A ES (Overlapping)
A1 DX GEAG1S] TS BRATI AR R RE ¥ 1A 7 7).
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